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Abstract

Multiple Object Tracking (MOT) aims to detect all objects in a video
sequence and maintain consistent identities across frames. While Tracking-
by-Detection (TbD) remains the dominant paradigm due to its effectiveness,
its reliance on object detectors makes it vulnerable to failures, particularly
in occlusion scenarios. These failures often result in fragmented trajectories
and degraded tracking performance. In this work, we propose SGAR-MOT
—which stands for Segmentation-Guided Association Refinement in Multi-
ple Object Tracking—, a novel framework that enhances ThD pipelines by
recovering object tracks that a conventional pipeline would consider lost due
to detection errors. SGAR-MOT introduces the Object Recovery Protocol
(ORP), which leverages segmentation masks and integrates a video segmen-
tation method with a Vision Transformer-based module, the Mask Instance
Resolver (MIR), to assess track continuity. In this way, SGAR-MOT incorpo-

rates mask-level evidence and a learned identity-consistency verification step
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through MIR to determine whether a track should be recovered. Experimen-
tal results across multiple benchmarks, including MOT20, SportsMOT and
VisDrone, demonstrate that SGAR-MOT consistently outperforms its base-
line tracker and achieves competitive results against state-of-the-art methods.
These improvements highlight the effectiveness of integrating segmentation-
guided reasoning into a conventional ThD pipeline, providing a hybrid track-
ing paradigm that is more robust to detector failures. The code is available
at https://github.com/ManuelBGomez/SGAR-MOT.

Keywords: Multiple Object Tracking, Tracking-by-Detection,
Segmentation-Guided Object Recovery

1. Introduction

The task of Multiple Object Tracking (MOT) involves detecting all ob-
jects present in each frame of a video sequence and maintaining consistent
identities over time. Contemporary solutions predominantly rely on deep
learning techniques, including Convolutional Neural Networks (CNNs) [30],
and more recently, Vision Transformers (ViT) [9, 32, 39]. MOT is applied in
domains like traffic monitoring [12], video surveillance [29] and multi-camera
environments [1].

Tracking-by-Detection (TbD) remains the most widely adopted and effec-
tive paradigm for addressing the MOT problem, compared to other holistic
alternatives. In this approach, an object detector is employed to identify
instances in each video frame, followed by a temporal association mechanism
that links detections across frames to maintain object identities. Despite its

effectiveness, the detection component in ThD approaches is prone to failure,



particularly in scenarios involving object occlusions. Such detector failures
can lead to fragmented trajectories that ultimately degrade performance, as
reflected by standard MOT evaluation metrics.

TbD approaches commonly rely on bounding boxes, which can also be
employed to re-identify lost objects [31]. However, we argue that bounding
boxes are suboptimal for handling such detection failures, as illustrated in
Fig. 1, where objects 1 and 2 are in an overlapping situation. Bounding
boxes often encompass regions that include parts of other objects —in Fig.
la, the bounding box of object 1 contains pixels from object 2, and vice
versa—, making the recovery process more difficult. As a more accurate al-
ternative, we propose the use of segmentation masks, which isolate the visual
characteristics of each individual object (Fig. 1b), by providing pixel-level
localization. Moreover, mask-based representations offer richer information
from which more discriminative features can be extracted for object recov-
ery. In addition to their spatial precision, segmentation masks offer stable
and characteristic shape cues that remain informative even in occlusion sce-
narios. This makes them suitable for reasoning about the identity of the
objects when detections temporarily fail. Unlike bounding boxes —whose
overlap often leads to ambiguous or noisy appearance cues— mask-level rep-
resentations retain distinctive information that can support a more robust
verification of whether an object is still present in the scene. Although seg-
mentation masks are used internally for recovery, we still perform tracking
with bounding boxes.

To this end, we introduce SGAR-MOT —Segmentation-Guided Associa-
tion Refinement in Multiple Object Tracking—, a new MOT framework that



Figure 1: Example in which two objects occlude each other, extracted from MOT20
dataset: (a) bounding boxes contain information from other objects inside, (b) while
segmentation masks provide more accurate and characteristic information about the target

object.

extends a conventional ThD pipeline to recover object tracks that otherwise
would be lost due to detector failures. A key component of SGAR-MOT is
the Object Recovery Protocol (ORP), which augments the standard ThD
association stage with a learned reasoning mechanism. Instead of relying on
heuristics for persistence, ORP evaluates the temporal consistency of each
track left unmatched by the association step through segmentation-based
cues, to decide whether a track should be recovered or considered lost. The

main contributions of this work are summarized as follows.

e Object Recovery Protocol (ORP). We introduce a module that
manages tracks typically considered lost in standard TbhD pipelines due
to detector failures. ORP relies on segmentation masks and integrates

a video segmentation method alongside a novel Vision Transformer-



based network, the Mask Instance Resolver (MIR), which determines
whether a track is recovered or lost. Importantly, MIR performs iden-
tity verification through a learned spatiotemporal representation, rea-
soning jointly over multiple mask embeddings rather than relying on

geometric thresholds or handcrafted similarity metrics.

e SGAR-MOT Tracker. We propose SGAR-MOT, a new tracking
framework that integrates the ORP module into a conventional bound-
ing box-based TbD architecture. This integration enables the recovery
of tracks that would otherwise be lost in each frame due to detector
failures, which improves robustness in occlusion scenarios through the

use of segmentation masks.

e Empirical validation. We demonstrate that SGAR-MOT outper-
forms the baseline ThD tracker and achieves competitive results across
multiple datasets, including widely used MOT benchmarks such as
MOT20 [7], as well as more challenging scenarios like SportsMOT [6]
and VisDrone [40]. Notably, SGAR-MOT achieves the best average
ranking among all evaluated methods, confirming the effectiveness of
segmentation masks in improving tracking performance under challeng-

ing conditions.

The remainder of this paper is organized as follows. Section 2 reviews re-
lated work and recent advances in MOT and video segmentation. Section 3
presents the SGAR-MOT framework in detail. Section 4 describes the exper-
imental setup and reports quantitative results. Finally, Section 5 concludes

the paper and outlines the directions for future research.



2. Related Work

2.1. Multiple Object Tracking

Tracking-by-Detection (TbD) remains the most prevalent and effective
strategy for addressing the MOT problem, although there are alternative
paradigms. For instance, end-to-end approaches, such as MOTR [36], per-
form the detection and association steps jointly. MOTR extends the trans-
former-based detector DETR [5] by incorporating an additional query mech-
anism for tracking. Its successor, MOTRv2 38|, improves performance
by integrating a pretrained object detector to bootstrap the capabilities of
MOTR. While these methods are competitive, they still lag behind the best-
performing ThD-based approaches.

Recently, new transformer-based MOT paradigms that emphasize learned
identity reasoning rather than heuristic association have emerged. In par-
ticular, SambaMOTR [28] introduces a synchronized set-of-sequences model
capable of modeling long-range temporal dependencies and inter-tracklet in-
teractions, demonstrating strong performance in scenarios with coordinated
motion and heavy occlusions. Its capacity to propagate memory across track-
lets aligns with the growing need for identity reasoning beyond geometric
heuristics. On the other hand, MOTIP [14] proposes MOT as an in-context
ID prediction problem, directly decoding identity labels for detections based
on historical track information, eliminating handcrafted cost matrices and
association rules.

Moving back to the TbD paradigm, one of the foundational approaches
is SORT |[3], which introduced a simple, online, and real-time tracker. SORT

combines a basic object detector with an association mechanism that relies



solely on positional information to propagate object identities across frames.
SORT is a reference point for numerous subsequent developments that in-
corporate new cues and mechanisms. DeepSORT [33| enhances SORT by
including appearance information through deep learning, which improves the
association process. StrongSORT [10] addresses limitations in both associa-
tion and detection: it introduces an appearance-free link model to improve
association robustness, and applies Gaussian-Smoothed Interpolation (GSI)
to refine bounding box predictions in cases of missed detections.

OC-SORT [4], also built upon SORT, analyzes its limitations and pro-
poses observation-centric improvements, including a re-update strategy and
an additional momentum term in the association cost, to mitigate common
tracking failures. HybridSORT [34] is a more recent extension of SORT that
enriches the association process by incorporating additional cues. Beyond
motion and appearance, it introduces three weak signals: object velocity,
height state, and object confidence.

ByteTrack [37] is another relevant tracker within the ThD paradigm. It
introduces a two-stage association strategy, dividing detections into high- and
low-confidence groups. The first stage matches tracks with the group of high-
confidence detections, whereas unmatched tracks are subsequently associated
with the group of lower-confidence detections. New tracks are initialized only
from unmatched detections in the first stage, improving robustness without
relying on appearance features.

A complementary line of work modifies the evidence available to the
tracker by introducing additional sensing modalities. MMOT [21] introduces
the first benchmark for drone-based multispectral MOT, motivated by aerial



views in which small targets, occlusions and cluttered backgrounds degrade
the cues that RGB trackers rely on. RGB-based trackers adapted for multi-
spectral input improve over their RGB counterparts. The axis of that work
is the sensing modality, while our approach keeps RGB input and instead
changes the representation extracted from it.

Forecasting has also been explored to bridge occlusion gaps. Quo Vadis [8]
works over a bird’s eye view, and generates trajectory predictions for tracks
left without detection, improving long-term tracking as the search space for
subsequent associations is restricted. JLA [18] trains tracking and forecasting
together for predicting current and future locations in a single architecture,
and uses the predictions to refine object locations to associate objects under
occlusion. These methods predict where an object will be; our ORP module
assesses whether it is still present.

Other works strengthen the association stage itself by learning richer
motion or appearance models. UMA [35] combines object motion and ob-
ject similarity in a single network trained with multi-task learning, joining a
single-object tracking approach for motion estimation with similarity predic-
tion to build a discriminative feature for association. Diff MOT [23] predicts
non-linear motion using a diffusion-based model conditioned on each track’s
historical motion information, improving the matching process. General-
Track [24] introduces a relation framework that captures point-wise relations
and translates them to the instance level. All of these methods focus on
the matching among detections and tracks. Our work leaves the association
module unchanged and focuses on recovering tracks that are lost after a de-

tection failure, using segmentation masks to verify identity before a track is



recovered.

In line with the ThD paradigm, our work also builds upon this approach.
To address the limitations caused by detector failures, we propose the inte-
gration of a dedicated module, ORP, which operates on unmatched tracks
after the association step. Unlike the rest of the pipeline, which relies on
bounding-box information, ORP uses segmentation masks, primarily for the
richer object-level information they provide, in addition to their spatial preci-
sion. This enables a more effective characterization of the objects of interest,
which is central to deciding whether a track should be recovered. This per-
spective positions our method within the recent shift toward models capable
of performing explicit identity-consistency reasoning. Unlike end-to-end de-
tectors or propagation-based transformers, our approach builds on the ThD
framework, adding a learned verification step (MIR) for detection failure

scenarios.

2.2. Segmentation

Segmentation methods aim to delineate objects within a frame by iden-
tifying the specific pixels they occupy. Early approaches to segmentation
can be seen as extensions of object detection frameworks, such as Faster R-
CNN [26]. Building upon this, Mask R-CNN [17| added a parallel branch
dedicated to pixel-level instance segmentation, improving object localization
beyond bounding boxes.

In recent years, the Segment Anything Model (SAM) [19] has emerged
as one of the most relevant approaches in the field of segmentation. SAM
is a class-agnostic model capable of segmenting arbitrary objects based on a

variety of prompts, including bounding boxes, points, textual descriptions or



even another mask. Architecturally, SAM comprises an image encoder and
a prompt encoder, which generate embeddings for the visual input and the
user-provided prompt, respectively. These embeddings are then processed by
a mask decoder to produce the final segmentation mask. To address potential
ambiguities, SAM generates three candidate masks per prompt.

More recently, SAM 2 [25] has been introduced as an evolution of SAM,
improving in both performance and versatility. It is the first model capable
of handling segmentation tasks in both images and videos. While its ar-
chitecture builds upon the original SAM design, it incorporates a streaming
memory mechanism that enables temporal consistency across frames in video
segmentation. Given a video and a prompt provided in a specific frame, SAM
2 can propagate the segmentation mask to subsequent frames.

Beyond their role in precise localization, segmentation masks also offer
stable shape cues that remain informative under occlusions, complementing
the mask-based identity reasoning introduced in our framework. Therefore,
inspired by recent advances in segmentation models, our ORP module in-
tegrates SAM 2 to generate object masks across video frames, alongside a
Vision Transformer-based network, the Mask Instance Resolver (MIR), en-
abling the recovery of relevant entities throughout the sequence. Section 3

details this component’s role in the overall architecture.

3. Description of the system

The architecture of SGAR-MOT is illustrated in Fig. 2. It builds upon a
conventional Tracking-by-Detection (TbD) approach. Beyond that, SGAR-

MOT is a hybrid system that couples box-level detection with mask-level

10



|
! Ty [
\ \ |
‘ ; uDy 1 B8 | 2 61 [
! — > | Detector — Data my ( } [
| Association Y |
\ / |
| uTi, Te |
! |
\ J
nr; - I
Lost t Ob]ect t
‘ Tracks Recovery
Protocol
Frame t

Figure 2: SGAR-MOT architecture. It includes the TbD pipeline (in blue), and the Object
Recovery Protocol (ORP) stage (in red).

identity reasoning.

Given a frame at time step ¢, a detector identifies all objects present in
the scene, producing a set of detections denoted as D;. The detections are
then matched with the tracks from the previous frame —7; ;—, through
an association step —Data association (Fig. 2). To perform this matching,
similarity metrics are computed between the previous tracks and the current
detections. These values populate a cost matrix, which is subsequently solved
using the Hungarian Algorithm [20].

Tracks that are successfully matched with a detection —m;— are up-
dated to the current frame. Unmatched detections —uD;— are used to ini-
tialize new tracks. Together, these two groups form the set of active tracks for

the current frame —T7;. In the standard TbD pipeline (Fig. 2), unmatched
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tracks resulting from the data association step —u7;_;— are immediately
considered lost. In SGAR-MOT, this step is modified through the intro-
duction of a dedicated module, the Object Recovery Protocol (ORP), which
processes these unmatched tracks: a track is lost only if ORP fails to recover
it. While the core pipeline relies on bounding boxes, ORP introduces seg-
mentation masks as a complementary representation, enabling more precise
and semantically rich object characterization. In particular, our framework
introduces a learned verification step that evaluates identity consistency from
segmentation evidence before recovering a track.

With the ORP module, some of these unmatched tracks are recovered
—r. In such cases, they are added to the set of tracks for the current frame —
T,—, alongside the matched tracks and the unmatched detections obtained
from the initial data association step —m, and uD,, respectively. On the
other hand, tracks that cannot be recovered —nr,— are the so-called lost
tracks. This design complements the base TbD pipeline with the capability

of reasoning about object consistency in detector failure scenarios.

3.1. Object Recovery Protocol (ORP)

Fig. 3illustrates the architecture of the ORP and its operation for a given
unmatched track resulting from the initial association step. The module
comprises a video segmentation method and a transformer-based architecture
named Mask Instance Resolver (MIR). For video segmentation, we adopt
SAM 2 [25] as the selected method.

To generate segmentation masks for the objects processed through ORP
in the current frame, the method relies on the information from the previous

frame. Specifically, SAM 2 requires the position of each object in the previous
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Figure 3: Object Recovery Protocol (ORP) architecture. It includes the video segmen-
tation method (SAM 2 [25]) and the Mask Instance Resolver (MIR) transformer-based
architecture with the preprocessing stage. For simplicity, the processing of only one single

object is shown.
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frame, along with the frame itself. The first time a track enters ORP, its
position is represented by a bounding box, since up to that point the track
was handled by the bounding-box-based pipeline and no mask had been
generated for it. The box is taken from the previous frame, the last one
in which the track was matched to a detection, and is used only to prompt
SAM 2: the identity of the object is subsequently assessed by MIR from
the masks. In later frames, this position is provided by the mask from the
previous frame —denoted as M; ;—, which SAM 2 propagates. Additionally,
we provide the neighboring tracks present in the previous frame —denoted
as N;_1—, allowing the model to account for the spatial context surrounding
each target track. The generated masks are constrained to avoid overlapping
with one another, which improves spatial consistency across outputs.

Internally, SAM 2 processes this information through a sequence of com-
ponents. Information from the previous frame —both from the target track
and its neighboring tracks— is fed into the prompt encoder. In parallel, the
image encoder receives the current frame and combines its output with the
memory accumulated from previously processed frames. The resulting em-
beddings are then used by the mask decoder component of SAM 2 to generate
segmentation masks for the target object. Notably, the output is encoded
and stored in memory for future iterations —these steps are represented as
SAM 2 in Fig. 3.

In ORP, SAM 2 functions as a semantic state estimator, providing tempo-
rally consistent, fine-grained evidence about the target object, beyond simple
mask generation. By conditioning on the previous observation and the neigh-

borhood context, SAM 2 supplies cues that can remain informative even when
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detections fail.

Segmentation masks are generated at three distinct time points: the cur-
rent frame —M,;—, the previous frame —M;_;—, and the detection frame,
which corresponds to a frame where the object was successfully detected
and matched during the initial data association —Mpgr!. Using three time-
aligned masks provides complementary views of the same identity: the detec-
tion frame anchors the trajectory to a trusted past observation, the previous
frame encodes the most recent state, and the current frame tests the con-
tinuity of the track. Together, these three masks provide stronger identity
evidence than a single mask. The selection of the detection frame, along
with other design choices related to the ORP module and SGAR-MOT, is

discussed in the implementation details section (Section 4.1).

3.2. Mask Instance Resolver (MIR)

Once a segmentation mask has been generated for the target track in the
current frame ¢, its correctness must be verified. To this end, we introduce a
transformer-based architecture named Mask Instance Resolver (MIR) (Fig.
3). MIR addresses an identity verification task across multiple temporal
views. A transformer encoder is well-suited to aggregate tokenized mask
embeddings and model long-range dependencies and cross-view interactions,
enabling the network to learn a notion of identity consistency rather than

relying on fixed geometric thresholds. In this way, MIR receives as input three

!'The mask for the current frame is always generated, whereas the masks from the
previous and detection frames are only required the first time the object enters ORP. In
subsequent iterations, these masks are retrieved from memory to avoid redundant compu-

tation.
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masks from three different frames and determines whether they correspond
to the same object track. Fig. 4 illustrates an example of the input masks
provided to MIR. By using the information encoded in these segmentation
masks, MIR assesses their consistency and, if they represent the same object,
enables the recovery of the corresponding track.

To perform this verification, MIR uses the mask from the previous frame
—M;_1—, which reflects the most recent prediction for the object, and the
mask from the current frame —M;—, which is relevant for maintaining the
presence of the object in the scene. However, relying on the current and
previous masks alone may not be sufficient to confirm the identity of the
object. To enhance reliability, we incorporate information from an earlier
frame —the detection frame, Mpgrr—. In this frame, the object was success-
fully tracked and associated with a detection during the standard tracking
process. Specifically, we select the detection frame as the time step #;,5 — 1,
where t;,5; denotes the last frame in which the object was associated in the
standard tracking process.

The architecture of MIR builds upon the design of the Vision Transformer
encoder [9]. Instead of feeding raw masks directly into the network, they are
first preprocessed and embedded into a suitable feature representation. To
accomplish this, we partially reuse components from SAM 2, specifically its
encoders. The preprocessing pipeline and the main components of MIR are
also illustrated in Fig. 3.

Given the three segmentation masks corresponding to the object, the pre-
processing step (see Fig. 3) draws on two encoders from SAM 2: the prompt

and the image encoder. While the prompt encoder can accept segmenta-
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Current Frame: M; Y

Figure 4: Three masks (in green) at different time instants for a person mostly occluded,
which are the input to MIR. The real position of the person is represented by bounding
boxes. The sequence belongs to the MOTSynth dataset.

tion masks as input, it requires a fixed input resolution of 256 x 256 pixels,
rather than the original frame resolution. Therefore, an initial resizing step
is applied to adapt the masks accordingly.

Once the three masks have been resized to the appropriate resolution, we
proceed with the embedding extraction process (Fig. 3). Each mask is passed
through the prompt encoder of SAM 2, and its output is combined with the
corresponding frame representation obtained from the image encoder. This
process mirrors the embedding generation strategy used in SAM 2 to feed
the mask decoder. In our case, however, the resulting embeddings are used
as input to MIR.

After extracting the embeddings for the detection mask —FEpgr—, the
previous frame mask —F;_;— and the current frame mask —F,—, they are
flattened and projected to a suitable input size for the ViT encoder via a
linear transformation —Flatten + Linear Projection (Fig. 3). Subsequently,

a positional embedding is computed for each token —Positional Embedding
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(Fig. 3)— and added to the projected representation. Following the ap-
proach proposed in [31], our design computes a spatiotemporal embedding
{E', E*, B4} that encodes temporal distance, object scale and spatial dis-
tance between each candidate o and a reference anchor k. In our case,
K = {Zx, Yr, Wk, A, t } corresponds to the last observation of the object that
was successfully matched to a detection, and includes the object coordinates
in top-left-width-height format along with the time step. The embeddings

for each candidate o are computed as follows:

E' =o'ty —t,) (1)

R I
Bl = adzog\/(%w—l“)Q + <@>2 (3)

d

where scaling factors o', 0%, 0% are applied to each embedding. These three
values are used to compute the embeddings that form the final positional
encoding added to each token [31]. This encoding scheme extends the stan-
dard spatial encoding used in ViT by incorporating object scale and tempo-
ral distance, which are particularly relevant for multi-frame object tracking,
and replaces handcrafted association priors with a learnable bias: instead
of hard-coded thresholds on motion or scale, MIR learns how temporal dis-
tance, relative displacement and size changes are useful for determining the
identity of objects.

With the positional embedding added to the flattened embeddings —
input embedding—, the transformer encoder —ViT encoder (see Fig. 3)—

processes the sequence and produces an output of the same internal dimen-

sionality —output embedding (in the same figure). This output is then
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passed through a multi-layer perceptron (MLP), which maps the transformer
output to a single scalar value p. This value represents the probability that
all three masks correspond to the same object. Formally, MIR implements
a learned decision function f(FEpgr, Fi_1, E;) — p € [0, 1] that maps multi-
time mask embeddings to an identity-consistency score. A track is recovered
only if p > v, a calibrated operating point balancing recovery gains —fewer
false negatives— against the risk of identity switch. We consider that there
is sufficient evidence to confirm the identity of the object across frames in
that situation, recovering it as present in the current frame. Otherwise, the
track is considered lost.

In practice, we observe that MIR remains reliable even when masks are
imperfect, as it relies on shape evolution and context encoded in the embed-
dings rather than requiring high mask overlap in each frame. This robustness
is essential under partial occlusions and crowded scenarios. In Section 4, vi-
sual examples of object recovery with segmentation masks are shown.

Finally, recovered tracks must be assigned a bounding box, as the main
ThbD tracker continues to operate using this representation. This ensures con-
sistency with its standard association process. Although segmentation masks
are used internally for object recovery, we perform tracking with bounding
boxes, which remain as the final output. To address this, we estimate the
bounding box by displacing the one from the previous frame according to
the relative movement between the segmentation masks of the previous and

current frames.
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4. Experiments

4.1. Implementation details

SGAR-MOT consists of a Tracking-by-Detection standard pipeline fol-
lowed by the ORP module. For the ThD pipeline, we rely on ByteTrack [37]:
we adopt its association strategy and configuration parameters, as well as
the detection model, YOLOX [16]. Building upon this baseline, we incorpo-
rate the ORP module to enable the recovery of object tracks that have been
maintained for at least F' = 10 consecutive frames. For video segmentation,
we employ SAM 2 [25].

The MIR follows the structure of a Vision Transformer [9], specifically
adopting the configuration of a ViT-Base model: 12 layers, 12 attention
heads, a feed-forward output size of 3,072, and an internal embedding di-
mension of 768. The scaling factors of the positional embedding of, o*, o?
were set to 1, 15, and 15, respectively. The transformer was trained for 600
epochs, using a batch size of 1,024, a binary cross-entropy loss function, and
the SGD optimizer with a learning rate of 0.1.

The threshold v for accepting a set of three masks as belonging to the
same object was set to 0.5. All experiments were conducted on an NVIDIA

A100 GPU.

4.1.1. Datasets

The MIR block was trained using samples extracted from MOTSynth
[11], a synthetic dataset developed as part of the MOTChallenge. To gen-
erate training samples, we select situations in which the initial association

performed by the TbD tracker fails. MOTSynth contains over 700 videos.
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We generated training samples from all of them, except for a subset of 11
videos that were reserved for initial validation experiments. We selected the
validation subset by choosing the videos with the poorest tracking metrics
for the baseline tracker.

We tested SGAR-MOT with three datasets commonly used for MOT:
MOT20 [7], which is particularly challenging due to its crowded scenes and
severe occlusions, as people frequently cross paths; SportsMOT [6], which
features scenes with individuals of similar appearances and dynamic move-
ment patterns —in contrast to the more regular motion in MOT20—; and
VisDrone [40], which includes smaller objects and a mix of vehicles and pedes-

trians.

4.2. Mask Instance Resolver analysis

The goal of this analysis is to isolate and evaluate the contribution of the
transformer-based MIR module, independently from other elements of the

tracking framework.

4.2.1. Precision analysis

We analyze the performance of the transformer-based MIR module across
the selected datasets using the Average Precision (AP) score. We take the
probabilities p provided by MIR for each sample indicating if the object
should be recovered or not. Fig. 5 displays the Precision-Recall curves,
as well as the AP results obtained for MOT20, VisDrone, MOTSynth, and
SportsMOT. Validation subsets were used for all datasets except VisDrone,
for which the test set was employed due to the availability of public annota-

tions.
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Figure 5: Precision-Recall curves of MIR in MOT20, MOTSynth and SportsMOT valida-

tion datasets, and in VisDrone test set.

MIR consistently achieves AP scores above 65% across all evaluated
datasets. The lowest results are observed in the MOT20 dataset, which fea-
tures highly crowded scenes and thus presents greater challenges for object
recovery. However, despite its complexity, MIR still achieves a reasonably
high precision. VisDrone ranks the second lowest, also characterized by dense
and variable scenarios. In contrast, SportsMOT yields the highest AP score,
exceeding 90%, followed by MOTSynth which scores above 80%. SportsMOT

includes sports scenes with clearer object separation, while MOTSynth typi-

22



cally contains less crowded environments compared to the extreme conditions
of MOT20. Overall, these results suggest that MIR is particularly effective in
occlusion scenarios with moderate to low object density, and that it also op-
erates under severe crowding. On average, the AP score across all datasets is
approximately 78%, indicating consistent and reliable behavior of the module
under diverse conditions.

To analyze the quality of the masks accepted by MIR, we used the MOT-
Synth dataset. For that, we extracted the ground-truth masks that MIR
should ideally accept, and compared them with the masks generated by SAM
2 and subsequently accepted by MIR. In particular, we computed the Inter-
section over Union (IoU) between each accepted mask and the ground-truth.
As the analysis covers only masks accepted by MIR, we report the precision.

Fig. 6 shows the precision of MIR within each IoU interval. The low-
est precision is obtained in the first interval, [0, 0.01), which corresponds to
masks with almost no overlap with the ground-truth; in those cases the preci-
sion falls to around 60%. These residual errors originate in the segmentation
stage: when SAM 2 returns a mask disjoint from the target, MIR receives no
valid evidence and the decision is less reliable. In the remaining intervals the
precision is close to 100%, which indicates that MIR accepts a mask correctly

once it covers any significant part of the target.

4.2.2. Analysis of inputs

We investigate the impact of various design choices on the performance
of the MIR module regarding their inputs (Table 1). All experiments were
conducted on the MOTSynth validation dataset.

One aspect we examined was the impact of varying the number and type
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Figure 6: Precision of MIR across IoU intervals with respect to the ground-truth masks.

Experiments conducted on MOTSynth validation subset.

of input masks provided to MIR (Table 1a). While the final configuration
uses three masks —Det+Prev+Curr standing for detection, previous and
current frame—, we also evaluated two alternative setups in which one mask
was removed, resulting in only two inputs. In the first configuration —
Det+Curr— the mask from the previous frame was excluded, and in the
second —Prev+Curr— the detection frame mask was omitted. The results
indicate that excluding the detection frame mask leads to a performance drop
of 0.61 points in terms of AP, and 1.25 points in terms of Pgr—_¢ 5, the larger
effect of the two. Additionally, the exclusion of the previous frame mask
leads to a small decrease in performance in terms of AP —0.09 points—
and of 0.61 in Pr—g5, so the previous frame mask contributes modestly but

consistently across both metrics. The three-mask configuration is best under

24



Transformer input | AP 1 | Pr_gs 1

Det+Prev4-Curr 75.83 | 79.59
Det+Curr 75.74 78.98
Prev+Curr 75.22 78.34

(a) Influence of different input combinations to MIR —being Det = Detection Frame, Prev = Previous

Frame and Curr = Current Frame.

Det. frame AP 1 | Proos 7T

Previous to last det., tgos = tjqse — 1 | 75.83 | 79.59
Last det., tge = tiast 75.72 79.18
Initial det., tger = tinit 74.13 79.32

(b) Influence of detection frame time (tg4e¢) selection.

Table 1: Analysis of MIR with different input combinations (a) and with several detection
frame times (b), on the MOTSynth validation subset. AP is the average precision; Pr—q 5
is the precision at a recall of 0.5. Higher is better for both.

both.

Another aspect we explored was the effect of selecting different time steps
as the detection frame input for MIR (Table 1b). Three configurations were
tested: using the last frame in which the object was associated with a de-
tection —denoted as t;,5; in Table 1—, the frame immediately preceding
it —t;4s¢ — 1 in Table 1—, and the initial frame where the object was first
matched to a detection —t;,;; in Table 1. The results show that using ¢;, —1
yields the best performance, and this configuration was selected for MIR. Us-

ing ¢, can lead to overlap between the detection and previous frame inputs
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—particularly during the first time a track is processed through ORP, where
tiast corresponds to t — 1. This results in a slight drop of 0.11 AP points.
Selecting the initial detection frame performs the worst, yielding a drop in
AP of more than 1 point. We computed the median temporal distance be-
tween t;,;; and the current frame ¢, which is approximately 62 frames —a
considerable separation that negatively impacts the ability of MIR to cor-
rectly associate masks. In contrast, the median distance between t;, — 1
and t is around 3 frames, considerably lower. On Pgr—_q5, the three config-
urations lie within 0.41 points; this is consistent with the low sensitivity to

this choice, and the selected configuration remains best on both metrics.

4.2.3. Hyperparameter analysis

We also analyze the influence of other hyperparameters that impact the
final performance of SGAR-MOT (Table 2). As in previous experiments,
this analysis is conducted on the MOTSynth dataset. However, in this case,
our objective is to evaluate the overall behavior of the tracker, taking as
reference the MOTA —Multiple Object Tracking Accuracy [2]—, HOTA —
Higher Order Tracking Accuracy [22]— and IDF1 —Identification F1 score
[2]— scores, which are the standard metrics used to assess MOT systems.

We first vary the number of frames F' that an object must be maintained
before it becomes eligible for recovery through ORP (Table 2a). We evaluate
several values, ranging from 5 to 25 in increments of 5, and observe that the
best performance is obtained with F' = 10 which is therefore selected as the
default configuration. Lower or higher values lead to a slight degradation in
performance.

The other experiment consists of varying the v value (Table 2b), which

26



F value | MOTA 1 | HOTA 1 | IDF1 1| FN| | FP |
5 23.97 19.20 | 22.32 | 383,739 | 12,407
10 23.98 | 19.22 | 22.32 | 384,031 | 12,103
15 23.98 19.18 | 22.28 | 384,267 | 11,812
20 23.96 18.96 | 22.07 | 384,625 | 11,559
25 23.94 18.96 | 22.14 | 384,770 | 11,509

(a) Influence of different F' values.

~ value | MOTA 1 | HOTA 4+ | IDF1+| FN| | FP |

0.3 23.97 10.28 | 22.40 | 383,827 | 12,329
0.4 23.99 | 19.29 | 22.33 | 383,799 | 12,275
0.5 23.98 19.22 | 22.32 | 384,031 | 12,103
0.6 23.96 19.29 | 22.32 | 384,326 | 11,896
0.7 23.91 19.27 | 22.32 | 384,853 | 11,661

(b) Influence of different ~ thresholds for recovering objects on MIR output.

Table 2: SGAR-MOT hyperparameter analysis on MOTSynth validation subset. Standard

tracking metrics are reported for all the experiments.

controls the acceptance threshold for recovering an object through the MIR
module. The standard setting is v = 0.5, as the module addresses a binary
classification problem. However, we also evaluated values between 0.3 and
0.7 to assess the sensitivity of the system to this parameter. The results show
no substantial differences across the tested range, with performance starting
to decline at v = 0.7. Although the configuration with v = 0.4 yields slightly

better results, we retain the standard value of 0.5 as our final choice.
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4.3. Comparison with baseline

We evaluate the performance of SGAR-MOT with standard tracking met-
rics —MOTA [2], HOTA 22|, and IDF1 [2|. We place particular emphasis on
the MOTA, as it is the most widely used indicator for evaluating the overall
performance of MOT systems. However, we also consider IDF1 and HOTA,
which are more closely related to association accuracy. While MOTA pri-
marily reflects detection quality, IDF1 and HOTA provide complementary
insights into the system’s ability to maintain consistent object identities over
time. Additionally, we analyze the number of false positives (FP), false neg-
atives (FN), and identity switches (IDSW), as these indicators offer valuable
insight into the behavior and evolution of the main metrics. In particular,
we combine FP and FN to represent the total number of errors, which have a
direct impact on the standard metrics. For this comparison, we include both
our baseline (ByteTrack [37]) and SGAR-MOT. Table 3 presents the results
on the test sets of three datasets: MOT20, SportsMOT, and VisDrone.

Overall, SGAR-MOT demonstrates improved performance compared to
our baseline. In all three datasets, the number of false negatives is reduced,
primarily due to the contribution of the ORP module. While this module also
introduces some false positives —by incorrectly recovering certain objects—
the reduction in false negatives outweighs the increase in false positives, re-
sulting in a net decrease in total errors. Specifically, we reduce the number
of errors by more than 2,000 in MOT20 and SportsMOT, and by over 500 in
the VisDrone dataset —as highlighted in the Errors column in Table 3. This
reduction in errors is reflected in a MOTA improvement of 0.2 in SportsMOT

and VisDrone, and 0.4 in MOT?20.
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MOT20 | MOTA t| HOTA 1 | IDF11 | FP | |FN| |Errors ] | IDSW |

ByteTrack | 74.0 59.2 72.6 16,749 | 116,927 | 133,676 | 1,069
SGAR-MOT | 744 99.0 72.1 23,085 | 108,483 | 131,568 | 1,090

Difference +0.4 -0.2 -0.5 46,336 | -8,444 | -2,108 +21

(a) Comparison on MOT20 dataset.

SportsMOT | MOTA 1 | HOTA 4 | IDF14 | FP | | FN| | Errors J | IDSW |

ByteTrack | 93.9 62.6 69.6 28,780 | 30,160 | 58,940 3,525
SGAR-MOT | 94.1 63.4 70.7 30,885 | 26,016 | 56,901 3,265

Difference +0.2 —+0.8 +1.1 +2,105 | -4,144 | -2,039 -260

(b) Comparison on SportsMOT dataset.

VisDrone | MOTA 4 | HOTA 1 | IDF11 | FP | |FN| | Errors | | IDSW |
ByteTrack | 31.2 34.2 40.2 12,061 | 198,533 | 210,594 | 1,260
SGAR-MOT | 31.4 34.4 405 | 12,613 | 197,458 | 210,071 | 1,265

Difference +0.2 +0.2 +0.3 +552 | -1,075 | -523 +5

Table 3: Comparison of SGAR-MOT with the baseline (ByteTrack).

(¢) Comparison on VisDrone dataset.

Metrics include

MOTA, HOTA, IDF1, False Positives (FP), False Negatives (FN), Errors (FP+FN), and

Identity Switches (IDSW).

SGAR-MOT also achieves higher HOTA and IDF'1 scores for SportsMOT
and VisDrone datasets. On VisDrone, HOTA improves by 0.2 and IDF1 by

0.3. On SportsMOT, the improvement is larger —0.8 points in HOTA and

1.1 in IDF1—, which we attribute to the reduction in IDSW. Owing to the

ORP module, tracks that would otherwise be considered lost —and later
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re-initialized with a new identity— are recovered. This reduction in IDSW
is reflected in the metrics that emphasize identity preservation. On MOT20,
HOTA and IDF1 decrease by 0.2 and 0.5 points, and identity switches in-
crease by 21. This trade-off follows from a huge number of objects per frame
on MOT20 —123.2 on average [7], compared to 10.8 for SportsMOT [6]. In
such scenarios, each track has more neighbors, so SAM 2 is more likely to
propagate a mask onto an adjacent instance and MIR to recover a drifting
track, which introduces identity switches reflected in HOTA and IDF1. Even
under these more difficult conditions, the effect of ORP on MOT20 remains
positive, since the total number of errors is still reduced.

In summary, SGAR-MOT, through the integration of the ORP module,
enhances the tracking process compared to the baseline. It successfully re-
covers tracks that would otherwise be considered lost, reducing the overall
number of errors. It further helps prevent identity switches in cases where a
track is lost and later re-initialized with a different detection. These improve-
ments lead to increases in the common MOT metrics —MOTA, HOTA and
IDF1— and contribute to more stable and accurate tracking performance

across datasets.

4.4. Ablation study

To quantify the contribution of MIR to the ORP module, we report an
ablation study in Table 4. This study was performed on the MOTSynth
validation subset and also in MOT20 test set.

We compare the full SGAR-MOT pipeline with a configuration in which
MIR is removed, leaving the recovery decision to SAM 2: a track is recovered

whenever a mask is generated for it. Without MIR, recovery is more frequent
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Approach MOTA 1 ‘ HOTA 1 ‘ IDF1 1 ‘ FP | ‘ FN | ‘ Errors | ‘ IDSW |

ORP without MIR | 21.73 18.67 21.53 31,544 376,202 | 407,746 | 2,921
SGAR-MOT 23.98 19.22 22.32 12,103 384,031 | 396,134 | 2,753
Difference +2.25 +0.55 +0.79 | —19,441 | 47,829 | —11,612 | —168

(a) MOTSynth validation subset.

Approach \ MOTA + \ HOTA 1 \ IDF1 1 \ FP | \ FN | \ Errors | \ IDSW |

ORP without MIR | 72.06 57.36 69.97 42,477 100,877 | 143,324 | 1,220
SGAR-MOT 74.4 59.0 72.1 23,085 108,483 | 131,568 | 1,090
Difference +2.34 +1.64 +2.13 | —19,392 | 47,606 | —11,756 | —130

(b) MOT20 test set.

Table 4: Contribution of MIR to the Object Recovery Protocol across two datasets. In
ORP without MIR, a track is recovered whenever SAM 2 returns a mask.

and the number of false negatives is lower; however, false positives increase
by 19,441 in MOTSynth and 19,392 in MOT20, and the total number of
errors —as defined in Section 4.3— increases by more than 11,000 in both
datasets with respect to SGAR-MOT. MOTA drops by 2.25 points, HOTA
by 0.55 and IDF1 by 0.79 in MOTSynth. In MOT20, the drop is similar
in MOTA —2.34 points— and larger in the other metrics —1.64 points in
HOTA and 2.13 points in IDF'1. Section 4.2.1 shows that MIR recovers tracks
even when the quality of the mask provided by SAM 2 is poor —Fig. 6—,

so its decisions do not reduce to a mask quality criterion.

4.5. Comparison with SoTA

Table 5 shows the comparison of SGAR-MOT with the state-of-the-art
methods in MOT20, SportsMOT and VisDrone datasets. We chose meth-
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ods that had been assessed in at least one of the selected datasets in their
original publications, and we conducted additional experiments on the other
datasets. Moreover, to show that ORP can be combined with other trackers,
we also integrate it with SORT, using the same weights of the MIR module
in SGAR-MOT, without retraining. These results are reported as SORT +
ORP in Table 5. ORP’s design decisions and training were made with the
ByteTrack data association procedure, so SORT + ORP does not exploit its
full capabilities; even so, SORT + ORP improves MOTA and HOTA on all
three datasets and reduces the overall number of errors.

For fairness, all experiments used the same detector and the default con-
figuration and parameters of each method, except for the end-to-end trackers
SambaMOTR [28] and MOTIP [14], which were trained on the corresponding
datasets following the guidelines given by the authors.

Table 5a presents the comparison on the MOT20 test set. Our method
ranks third in terms of MOTA, behind HybridSORT and QDTrack, while
outperforming the remaining approaches. However, SGAR-MOT reduces
identity switches by more than 300 relative to HybridSORT.

For SportsMOT (Table 5b), our method outperforms QDTrack, but still
ranks third overall, behind HybridSORT and OC-SORT. Regarding the re-
maining metrics, SGAR-MOT exhibits a higher number of ID switches than
HybridSORT. However, it achieves the lowest number of false negatives
among all reported results, improving upon HybridSORT by more than 4,000
missed detections.

A final evaluation was conducted on the VisDrone test set for all trackers

(Table 5¢). In this scenario, ByteTrack and SGAR-MOT achieve the best
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Method ‘ MOTA ‘ HOTA ‘ IDF1 1 ‘ FP | ‘ FN | ‘ IDSW |

SORT' (ICTP 2016) [3] 73.2 61.2 75.4 13,423 | 124,227 | 1,236
SORT -+ ORPf 73.4 61.4 75.5 13,809 | 122,575 | 1,240
QDTrack (TPAMI 2023) [13] | 74.7 60.0 73.8 - - -
OC-SORT (CVPR 2023) [4] 73.1 60.5 74.4 - - 1,307
HybridSORT! (AAAT 2024) [34] | 75.4 62.1 75.9 26,681 | 99,103 | 1,452
SambaMOTR (ICLR 2025) (28] | 48.7 49.6 59.4 29,748 | 234,209 | 1,735
MOTIPH (CVPR 2025) [14] 10.5 14.2 10.2 7,207 | 62,405 | 734
ByteTrack! (ECCV 2022) [37] | 74.0 59.2 72.6 16,749 | 116,927 | 1,069
SGAR-MOT! (Ours) 74.4 59.0 72.1 23,085 | 108,483 | 1,090
(a) MOT20
Method ‘ MOTA 1 ‘ HOTA t ‘ IDF1 1 ‘ FP | ‘ FN | ‘ IDSW |
SORT' (ICIP 2016) [3] 93.0 62.2 64.9 20,879 | 46,019 | 4,642
SORT + ORPf 93.2 62.4 65.0 21,124 | 43,836 | 4,642
QDTrack (TPAMI 2023) [13] | 90.1 60.4 62.3 - - -
OC-SORT (CVPR 2023) [4] | 96.5 73.7 74.0 - - -
HybridSORTT (AAAI 2024) [34] | 94.3 73.1 735 24,281 | 30,917 | 2,756
SambaMOTR? (ICLR 2025) [28] | 90.3 69.8 71.9 - - -
MOTIP* (CVPR 2025) [14] 92.4 72.6 77.1 - - -
ByteTrack” (ECCV 2022) [37] | 93.9 62.6 69.6 28,780 | 30,160 | 3,525
SGAR-MOT! (Ours) 94.1 63.4 70.7 30,885 | 26,016 | 3,265
(b) SportsMOT
Method ‘ MOTA 1 ‘ HOTA t ‘ IDF1 1 ‘ FP | ‘ FN | ‘ IDSW |
SORT' (ICIP 2016) [3] -27.3 7.0 2.1 89,593 | 302,224 | 184
SORT + ORP? -26.3 7.1 2.1 86,322 | 302,286 | 174
QDTrack! (TPAMI 2023) [13] | 0.1 1.4 0.2 93 298,916 | 8,562
OC-SORT' (CVPR 2023) [4] |-318 9.0 3.1 105,900 | 299,368 | 263
HybridSORT' (AAAT 2024) [34] | -40.6 9.3 3.3 134,051 | 298,425 | 299
SambaMOTR™ (ICLR 2025) [28] | 9.1 27.1 26.6 33,416 | 245,617 | 835
MOTIP! (CVPR 2025) [14] 12.5 30.2 32.7 88,848 | 158,621 | 21,981
ByteTrack! (ECCV 2022) [37] | 31.2 34.2 40.2 12,061 | 198,533 | 1,260
SGAR-MOT (Ours) 31.4 34.4 40.5 12,613 | 197,458 | 1,265

(c) VisDrone

Table 5: Comparison of SGAR-MOT with state-of-the-art methods
Metrics include MOTA, HOTA, IDF1, False Positives (FP), False
Identity Switches (IDSW). Best, second-best, and third-best MOTA

across three datasets.
Negatives (FN), and
scores are highlighted

in black, blue, and red respectively. T indicates results produced by our own execution.

All remaining results were available online. * represents end-to-end
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performance when handling the detections produced by the YOLOX detec-
tor, whereas several other methods yielded negative MOTA scores. YOLOX
generates a large number of detections with varying confidence values, includ-
ing false positives. Most trackers fail to properly manage these detections,
resulting in a substantial number of tracking errors. Such errors are reflected
in the large count of false positives and false negatives, which in turn result
in negative MOTA values. In addition, end-to-end methods exhibit interme-
diate performance, ranking between ByteTrack and the lowest-performing
approaches. Under these conditions, SGAR-MOT ranks first, followed by
ByteTrack and MOTIP, while HybridSORT is the lowest-performing tracker
in this evaluation. Regarding other metrics, SGAR-MOT obtains the highest
scores in both HOTA and IDF1, achieving one of the lowest counts of false
negatives and the lowest number of total errors —combining false negatives
and false positives.

Finally, to assess the overall performance of the selected trackers across
the three datasets, we report the average ranking in Table 6, computed as an
average of the individual rankings of each tracker in each dataset. Although
SGAR-MOT ranks first only in VisDrone, it achieves the best global average.
ByteTrack ranks second, while HybridSORT follows in third place. These
results show that our method achieves the best average ranking, placing
within the top three in each of the tested datasets.

We evaluated the runtime performance of SGAR-MOT on the SportsMOT
dataset, which is the one with the largest number of videos and frames in the
test set. On SportsMOT, the baseline runs at 15 FPS, while SGAR-MOT

is still able to run at 7 FPS. Regarding the number of learned parameters,
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Ranking

Dataset MOT?20 | SportsMOT | VisDrone | Average
SORT (ICIP 2016) |3] 6 6 7 6.33
SORT + ORP 5 5 6 5.33
QDTrack (TPAMI 2023) [13] 2 9 5 5.33
OC-SORT (CVPR 2023) [4] 7 1 8 5.33
HybridSORT (AAAT 2024) [34] 1 2 9 4.00
SambaMOTR (ICLR 2025) [28] 8 8 4 6.67
MOTIP (CVPR 2025) [14] 9 7 3 6.33
ByteTrack (ECCV 2022) [37] 4 4 2 3.33
SGAR-MOT (Ours) 3 3 1 2.33

Table 6: Comparative ranking of SGAR-MOT with the state-of-the-art taking into account
the results in the different test sets evaluated. We show the ranking in each dataset and
the average (the lower the value, the better the position in the ranking). Best, second-best,

and third-best average rankings are highlighted in black, blue, and red respectively.

SGAR-MOT adds 94.69 M parameters —MIR module— with respect to the
baseline —SAM 2 is frozen. Measured end to end on SportsMOT on an
NVIDIA A100 GPU in our evaluation setup, the peak allocated memory of
ByteTrack was 54.27 GB, while in SGAR-MOT it rises to 57.28 GB.

To test whether the differences in tracking performance are statistically
significant, we compare our method, SGAR-MOT, against the two other top-
ranked trackers in Table 6, ByteTrack and HybridSORT, in a pairwise man-

ner. Each comparison uses the per-sequence MOTA over the three datasets:
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MOT20, SportsMOT and VisDrone?.

We applied the Wilcoxon signed-rank test in both cases using the STAC
platform [27], under the null hypothesis that the median of the per-sequence
MOTA differences is zero. The null hypothesis is rejected in both compar-
isons with p < 0.05, indicating that the performance differences are statisti-

cally significant, and that SGAR-MOT is, overall, the best algorithm.

4.6. Visualizations on SGAR-MOT performance

We provide qualitative examples in Fig. 7 illustrating how SGAR-MOT
utilizes segmentation masks to recover tracks that would otherwise be lost due
to detector failures. These visualizations highlight the ability of the system
to maintain trajectory continuity even in challenging detection scenarios.

Three frames are shown for each example, ordered from left to right,
from older to more recent. The first frame —Previous situation (Fig. 7)—
represents a moment in which the object was being tracked through the
standard TbD pipeline, with the detector operating correctly. The second
frame —Last detection (Fig. 7)— corresponds to the detection frame 4.,
representing the object moments before the detector failure. Finally, the
third frame —Recovery (Fig. 7)— illustrates the current situation, where
the object has been recovered through ORP using the segmentation mask
also shown in the frame. The first three examples depict successful recoveries

in scenarios involving different types of occlusions. The last row illustrates

2We utilize the results per-sequence instead of per-dataset —MOT20, SportsMOT and
VisDrone— in order to have enough data for the statistical test. We use the test sets of
MOT20 and VisDrone, and the validation set of SportsMOT, for which per-sequence test

results are not publicly available.
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| Previous situation | | Last detection | | Recovery |

Figure 7: Examples on the use of SGAR-MOT for recovering tracks that would otherwise
be lost after detector failures. Videos from MOT20 dataset.

an incorrect recovery, where the tracker maintains an object using a mask

mistakenly extracted from a different instance in the scene.
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5. Conclusions and future work

In this work, we introduced SGAR-MOT, a novel MOT system that
builds upon a two-stage TbD framework. Our approach incorporates a new
module, ORP, specifically designed to enhance tracking performance by re-
covering tracks that would otherwise be lost due to detector failures. The
ORP module consists of two main components: a video segmentation net-
work that generates masks for each unmatched track processed by ORP,
and a transformer-based architecture named MIR that takes the segmenta-
tion masks at different time instants and decides whether they belong to
the same object. Beginning from a standard TbhD pipeline, SGAR-MOT in-
tegrates mask-level evidence to support decisions traditionally governed by
heuristic persistence rules.

ORP provides a mechanism for verifying object identities under occlu-
sions. By combining temporally consistent masks produced by SAM 2 with
the multi-frame reasoning capabilities of MIR, the system learns to assess
object permanence through latent spatiotemporal cues rather than relying
solely on bounding-box geometry. In this way, SGAR-MOT couples detec-
tion, segmentation and learned identity verification within a single pipeline.

The results in terms of AP indicate that MIR successfully accepts the
majority of valid recovery cases. Also, the comparison with the SoTA showed
that SGAR-MOT reduced the number of tracking errors, achieving the best
average ranking among the evaluated approaches in terms of MOTA. Our
results confirm that incorporating segmentation masks helps to recover tracks
that would otherwise be lost in a standard ThD pipeline.

These findings suggest that segmentation-guided identity reasoning ef-
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fectively complements detection-based tracking, especially in settings with
heavy occlusion or dense interactions. Moreover, SGAR-MOT contributes
to the broader shift toward systems that integrate multiple forms of visual
evidence and employ learned components to support high-level decisions typ-
ically handled with heuristics.

These observations suggest several directions for future work. For in-
stance, the ORP module could be replaced with a fully mask-based asso-
ciation stage, moving towards a Tracking-by-Segmentation (TbS) paradigm.
Our proposal may prove useful for generalizing MOT to open-vocabulary sce-
narios, which are already being successfully explored in object detection [15].
Another potential avenue could focus on correcting other types of detector
failures. For example, we have observed cases in different datasets where
objects are either not detected or assigned low confidence scores that lead to
their direct rejection. Future refinements could aim to recover such objects

and further improve tracking robustness.
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