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Multi-object tracking in crowded scenes remains challenging due to occlusions, appearance 

ambiguity, and unreliable detections. We propose a tracking framework that leverages both 

body and face cues to improve identity consistency. Our method uses YOLOv8s to detect 

persons and faces, followed by a spatial association step to link them into person-level 

observations. We then employ DINOv2 to extract feature embeddings from detected 

regions, which are used within a tracking pipeline that combines motion and appearance 

information. The tracker adopts a cascade matching strategy to associate detections across 

frames and handle challenging cases such as occlusions and missed detections. Experimental 

results on a sequence of MOT17 dataset demonstrate that incorporating complementary 

cues can help maintain identity consistency, while also revealing limitations in dense 

scenarios.  

 I.  Introduction  

Recent advances in artificial intelligence have dramatically expanded the deployment of video-based surveillance 

systems in smart cities[1], public transportation hubs[2], airports[3], shopping malls[4], and large-scale outdoor events[5]. 

In these environments, AI-powered cameras continuously ingest multi-camera streams to monitor crowd flows, detect 

unauthorized access, and flag potential security incidents in real time. Underpinning many of these systems is the task 

of multi-person tracking (MPT)[6], which enables authorities to maintain persistent identities across space and time, 

trace trajectories, and reconstruct interaction patterns among individuals. Robust multi-object tracking (MOT) is 

therefore a core computer vision problem and a critical enabler of proactive security operations, including anomaly 

detection, threat localization, and post-incident forensics.  

Despite progress, tracking multiple persons in dense, dynamic environments remains highly challenging. In crowded 

scenes, individuals frequently overlap, move rapidly, and execute non-rigid motions, leading to severe occlusions, short-

term disappearances, and frequent identity switches. At the same time, large variations in scale, pose, lighting, and camera 

viewpoint complicate appearance-based re-identification, while abrupt changes in crowd density require the system to 

adapt association strategies on the fly. These factors make it difficult to maintain stable tracklets over long sequences, 

especially when the active field-of-view includes hundreds of individuals in a single frame. Current benchmark studies 

on datasets such as CrowdTrack[7] and DanceTrack[8] have shown that even state-of-the-art trackers exhibit significant 

performance degradation under such conditions, highlighting a persistent gap between controlled benchmarks and real-

world urban scenes. A wealth of existing MOT methods[9] has been developed to address these challenges, including 

detector-centric pipelines such as DeepSORT[10], association-aware frameworks like ByteTrack[11], and end-to-end 

transformer-based approaches such as MOTR[12] and TrackFormer[13]. While these methods have achieved strong 

performance on standard benchmarks such as MOT17, MOT20[14], and DanceTrack, they often struggle with highly 

crowded scenes and varying crowd densities.  To address these limitations, we propose an adaptive transformer-based 

multi-person tracking framework for dense and dynamic environments.   

First, we demonstrate that a frozen DINOv2-small[15] backbone, pretrained via self-supervised self-distillation with 

no Re-ID supervision, yields sufficiently discriminative instance-level representations for multi-person tracking and 

reidentification without domain-specific fine-tuning, establishing self-supervised vision foundation models as a viable 

zeroannotation alternative to supervised Re-ID embedders in tracking pipelines.   
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Second, a density-aware adaptive tracking regime in which a per-frame scene density estimator drives continuous 

interpolation of matching parameters and selectively activates a three-round cascade association strategy, eliminating 

both hard mode-switching instability and unnecessary computation across varying crowd conditions.  

  

II.  Methods  

a. Overview:  
Our framework performs multi-object tracking by integrating detection, representation learning, and adaptive data 

association into a unified pipeline (Fig. 1). Given an input frame, the system first detects faces and bodies using 

YOLOv8s[16]. Detected instances are spatially associated to form person-level observations, which are then encoded 

into discriminative embeddings using DINOv2 and a transformer-based fusion module (Fig. 2). Finally, an adaptive 

cascade tracker performs multi-stage data association using motion, geometry, and appearance cues.  

A key design principle of our approach is that body detections provide the primary identity signal, while face 

information is treated as an optional cue that enhances discriminability when reliable. 

  

 

Fig. 1. Overview of the proposed multi-object tracking framework using YOLOv8 detections, DINOv2-based 

embeddings, cross-attention fusion, and adaptive cascade tracking.  

 

  

Fig. 2. Detailed representation module where face and body embeddings are fused via cross-attention with 

confidence-aware masking to produce a robust person embedding.  

b. Detection:  
We employ YOLOv8s to jointly detect faces and full-body bounding boxes. To improve robustness under 

challenging conditions, detections are divided into high-confidence Dh and low-confidence Dl  sets using two 

thresholds.  

c. Person-Level Representation :  

1. Crop Extraction and Preprocessing.  

For each person instance, we extract face and body image crops from the input frame. Each crop is resized to 

224×224 and normalized using standard ImageNet statistics before feature extraction.  

2. Feature Encoding with DINOv2.  

We use DINOv2 as a frozen backbone to extract modality-specific embeddings. For each crop, we obtain the 

representation from the CLS token of the final transformer layer:  
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𝑓𝑏, 𝑓𝑓 ∈ 𝑅384  

where  𝑓𝑏 and 𝑓𝑓 denote body and face embeddings, respectively. All embeddings are L2-normalized to facilitate 

cosine similarity computation.  

3. Cross-Attention Fusion.  

To combine face and body features, we propose a lightweight transformer-based fusion module (Fig. 2). Instead of 

relying on fixed-weight averaging, we construct a token sequence:  

[CLS, 𝑓𝑏, 𝑓𝑓]  

Each token is augmented with a learned modality embedding to encode whether it originates from the face or 

body stream. To handle unreliable face detections, we introduce a confidence-based masking mechanism that 

suppresses the face token when its detection confidence falls below a predefined threshold. The sequence is 

processed using a two-layer transformer encoder:  

H=Transformer([CLS, 𝑓𝑏, 𝑓𝑓])  

The final person embedding is obtained from the CLS token:  

𝑧 = 𝑁𝑜𝑟𝑚(𝑃𝑟𝑜𝑗(𝐻𝐶𝐿𝑆)) ∈ 𝑅512  

This formulation enables adaptive fusion, where the model dynamically adjusts the contribution of each modality 

based on its reliability. In particular, the system degrades gracefully to body-only representations when face information 

is absent or noisy.  

d. Adaptive Cascade Tracking:  

1. Motion Model.  

Each tracked object is modeled using a Kalman filter with state:  

(𝑐𝑥, 𝑐𝑦, 𝑤, ℎ, 𝑣𝑥, 𝑣𝑦,𝑣𝑤,𝑣ℎ)  

which predicts the object’s motion across frames.  

2. Multi-Stage Data Association  
We perform data association using a three-stage cascade:  

• Round 1 (Primary matching): high-confidence detections are matched to active tracks using a weighted 

combination of IoU and embedding similarity.   

• Round 2 (Geometric recovery): low-confidence detections are matched to unmatched active tracks using IoU 

only.   

• Round 3 (Re-identification): remaining high-confidence detections are matched to previously lost tracks using 

appearance similarity.  

  

Matching is solved using the Hungarian algorithm.  

3. Scene-Adaptive Control  
To handle diverse environments, we introduce a scene-aware controller that estimates object density, and motion 

variation from the current frame. These signals dynamically adjust the balance between IoU and embedding costs, 

matching thresholds, activation of cascade stages and Kalman process noise. This enables the tracker to adapt between 

sparse and highly crowded scenes without retraining.  

4. Track Update and Lifecycle  
  

Each track maintains an appearance embedding updated via exponential moving average:  

𝒛𝒕 = 𝜶𝒛𝒕−𝟏 + (𝟏 − 𝜶)𝒛̂𝒕  

Tracks transition between three states: active (currently tracked), lost (temporarily unmatched), terminated (removed 

after prolonged absence). This strategy ensures stable identity preservation over time.  
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III.  Results and discussion   
  

a. Experimental setup :  
 We evaluate the proposed tracking framework on the MOT17 benchmark, using the MOT17-02-DPM sequence. 

The sequence contains 600 frames at a resolution of 1920×1080 and 30 FPS, with 62 annotated identities. Ground-truth 

annotations were filtered to remove distractor classes, resulting in 18,581 valid annotations. Tracking performance is 

evaluated using standard MOT metrics, including HOTA, MOTA, and IDF1. Runtime performance is also reported 

with a detailed stage-wise breakdown.  

  

b. Quantitative Results:  
Table 1. Quantitative tracking performance on the MOT17 MOT17-02-DPM sequence. We report standard 

multi-object tracking metrics, including HOTA, DetA, AssA, MOTA, and IDF1. The results reflect the 

performance of the proposed framework under partial temporal coverage, highlighting the impact of detection 

and association quality on overall tracking accuracy.  

Metric  Value  

HOTA  8.48%  

DetA  25.22%  

AssA  2.85%  

MOTA  -1.23%  

IDF1  24.51%  

ID Switches  366  

FPS  4.8  

The proposed method achieves moderate detection accuracy (DetA = 25.22%) but struggles in association (AssA 

= 2.85%), leading to a relatively low HOTA score. The IDF1 score of 24.51% indicates that the learned representation 

captures some identity information, but identity consistency across frames remains limited. The negative MOTA score 

is primarily due to missed detections and identity switches, which are amplified by incomplete frame coverage (see 

Section 4.3).  

  

c. Qualitative results:  

  
Fig. 3. Qualitative tracking results of the proposed framework on challenging crowded scenes. (a–d) show 

representative frames illustrating multi-person tracking under occlusion, close interactions, and motion. The tracker 

maintains consistent identities across frames (e.g., P81) despite partial occlusions and viewpoint changes, while some 

identity switches and missed associations occur in dense regions.  

As shown in Fig. 3, the tracker is able to maintain consistent identities across frames despite occlusions, close 

interactions, and viewpoint changes, demonstrating the effectiveness of the proposed representation and association 

strategy. In particular, identities such as P81 remain stable over time even in moderately crowded scenarios. However, 

failure cases are also observed, including occasional identity switches and the presence of floating bounding boxes, where 

detections are temporarily assigned without proper spatial alignment to visible targets. These artifacts highlight 

limitations in detection reliability and association under challenging conditions, suggesting room for improvement in 

both localization and temporal consistency.  

d. Coverage analysis:  
A key limitation observed in the current implementation is partial temporal coverage. Predictions span frames 1–

52, whereas ground truth covers the full range (1–600), resulting in only 9% coverage. This significantly impacts all 

tracking metrics, particularly MOTA, due to large numbers of false negatives, HOTA, due to missing temporal 

associations and IDF1, due to fragmented trajectories.  
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This suggests that the evaluation is currently dominated by early-frame performance, and improving full-sequence 

processing is expected to yield substantial gains.  

e. Runtime analysis:  
The system operates at 4.8 FPS, with computation dominated by feature extraction and detection. ` 

 

Table 2. Stage-wise runtime analysis of the proposed tracking framework. We report the mean processing time, 

variance, and relative computational cost of each module. The embedding stage (DINOv2 + fusion) dominates the 

runtime, while tracking and data association introduce negligible overhead.  

Stage  Mean Time 

(ms)  
% Time  FPS  

Embedding (DINOv2 + Fusion)  115.63  85.9%  8.6  

Detection (YOLOv8)  13.10  9.7%  78.0  

Tracking  2.51  1.9%  398.2  

Matching  2.43  1.8%  412.3  

Kalman Filter  0.67  0.5%  1491.1  

Scene Analysis  0.26  0.2%  3919.5  

The embedding stage (DINOv2 + fusion) is the primary computational bottleneck, accounting for over 85% of 

total runtime. In contrast, tracking and association are highly efficient, contributing less than 3% combined.   

This indicates that the system is representation-bound rather than tracking-bound, suggesting that optimization 

efforts should focus on feature extraction efficiency, batching and GPU utilization and lightweight embedding 

alternatives.  

IV. Discussion:  

The results highlight several important insights:  

1. Representation Quality vs. Association Gap: while the learned embeddings achieve a reasonable IDF1 

score, the low association accuracy (AssA) indicates that identity matching remains a bottleneck.   

2. Impact of Partial Coverage: the current evaluation is heavily affected by incomplete frame processing. 

Extending inference to the full sequence is expected to significantly improve all metrics.   

3. Computational Trade-offs: the use of DINOv2 provides strong features but introduces substantial 

computational overhead, limiting real-time performance.   

4. Strength of Modular Design: despite low overall scores, the system demonstrates efficient tracking 

infrastructure, flexible handling of missing modalities and adaptability to scene conditions.   

These properties provide a strong foundation for further improvements.  

  

  

V.  Conclusion  

We presented an adaptive multi-object tracking framework that integrates detection, representation learning, and 

hierarchical data association into a unified pipeline. The proposed approach leverages YOLOv8s for joint face and body 

detection, and leverage DINOv2 to extract robust modality-specific features. A lightweight cross-attention fusion 

module enables adaptive integration of face and body cues, allowing the system to remain effective even when face 

detections are unreliable or missing.  

In addition, we introduced an adaptive cascade tracking strategy that combines motion, geometric, and appearance 

signals through a multi-stage association process. A scene-aware controller dynamically adjusts tracking parameters 

based on crowd density and motion, improving robustness across varying conditions.  

Experimental results on a sequence of MOT17 benchmark highlight the effectiveness of the proposed design, 

particularly in terms of modularity and flexibility. While the current performance is limited by partial temporal coverage 

and computational overhead from feature extraction, the framework demonstrates a foundation for handling challenging 

tracking scenarios with incomplete or noisy observations.  

Future work will focus on improving temporal coverage, enhancing association accuracy, and optimizing the 

representation stage to achieve real-time performance. Additionally, exploring lightweight embedding models or end-

toend training strategies could further improve both efficiency and tracking robustness.  
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