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Abstract. Multi-object tracking is still challenging since many objects in intelligent video surveillance regions move 
irregularly or are frequently obscured and alter owing to lighting changes. This research presents a new tracking framework 
that integrates graph convolutional neural networks and adaptive spatial-temporal graph creation to overcome the 
shortcomings of appearance-based and sequential association approaches. Using a composite attention mechanism as a 
guide, dynamically create a graph in the system with each node representing a detection and edges representing spatial-
temporal correlations. Contextual information is spread by Hierarchical Graph Convolutional Networks, which also 
strengthen identity association and trajectory continuity. The suggested framework has also demonstrated good 
improvement based on the experiment results in the MOT17, MOT20, and DukeMTMC datasets; for MOT17 and MOT20, it 
achieved a MOTA of 75.2% and 69.4%, respectively, outperforming earlier approaches in both precision and identity 
preservation. According to ablation analysis, in situations of dense crowds and continuous occlusion, adaptive edge design 
and a suitable depth for GCN are necessary to minimize identity swapping and fragmentation. In summary, the 
aforementioned findings show that context-aware, high-fidelity object tracking in real-world surveillance settings can be 
achieved through the use of graph-based reasoning. 
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Introduction 
In the current era of modernity and the development of smart cities, video surveillance has also progressively 
expanded. More sophisticated techniques are required for environmental monitoring and incident handling in 
crime prevention and control due to the growth of the camera network in metropolitan areas [1]. to precisely 
monitor several individuals in a stream of security footage, recognize the emergence of a specific event, and 
then analyze this behavior to effectively manage resources [2]. However, it is challenging to overlook the issues 
caused by a variety of challenges in real-world video data, such as lighting variations, frequent occlusions, 
crowded settings, and fast object movements [3]. Even the best computer vision systems sometimes struggle 
with visual clutter and scene changes [4]. Tracking via detection has historically suffered from track 
fragmentation or identity shifts in complicated situations, connecting detected items over several time steps to 
create multi-object tracking [5]. These pipelines often do not leverage interactions or contextual clues among 
concurrently seen objects and instead presume that each object is independent [6]. The shortcomings of 
independent object modeling and data association problems have gotten worse as camera deployment has 
increased denser and the range of monitored locations has expanded [7]. The inability of surveillance systems 
to consistently handle the ambiguity of complex and interacting environments is a major issue for their practical 
implementation [8].  
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Convolutional neural networks for feature extraction and recurrent models for temporal sequence learning have 
both witnessed notable advancements in recent years, coinciding with advances in deep learning research on 
video object tracking [9]. The robustness of similarity matching and online adaptability to appearance changes 
have been enhanced by end-to-end trained trackers, such as those in the form of Siamese networks [10]. Even 
though the aforementioned are comparatively high, these models still struggle with handling occlusions, 
maintaining long-term tracks in video, and differentiating between visually identical objects [11]. Graph Neural 
Networks (GNNs) and particularly Graph Convolutional Networks (GCNs) have started to create structured 
representations of object entities and their evolving relationships as research has progressively focused on 
relational reasoning frameworks in recent years [12]. GCNs can be utilized to incorporate dynamic context across 
frames by representing monitored occurrences as nodes and their spatial-temporal impacts as edges [13]. 
According to preliminary research, a relational model like this can lessen the ambiguity brought on by dense 
crowding or insufficient observation in real-world surveillance [14]. However, for the widespread use of GCN-
based trackers, issues with robustness to noisy object identification, computational scalability, and good-
performance graph generation still need to be resolved [15]. 

A novel GCN-enhanced multi-object tracking system appropriate for video surveillance is presented in this paper. 
To enable end-to-end reasoning about object interactions and scene changes, the suggested solution introduces 
an explicit spatio-temporal graph model for data association and trajectory update. To increase tracking 
accuracy and reliability, the graph is constructed using adaptive graph building, deep feature propagation and 
graph convolutions are used, and an association method that is resilient to densely populated scenes is utilized. 
The aforementioned studies show that the system can accurately track an object's position over time even in 
situations with frequent motion overlap or dense occlusion. As a result, this approach can offer fresh assistance 
for the practical development of more sophisticated, context-aware tracking technology. 

Related Work 

Classical and Deep-Learning-Based Tracking 

Object tracking in computer vision has a long history, and up until now, it has relied on statistical models and 
manually created features. For continuous state estimation, the first few single-object tracking systems often 
included a Kalman filter; they were comparatively reliable in settings with little movement and low noise [16]. A 
number of hypothesis tracking (MHT) algorithms have been gradually put out to solve the issues of track 
ambiguity and association latency in response to the growing demand for multi-object tracking in cluttered and 
operationally complicated environments [17]. The widespread use of background removal has also made it 
easier to automatically separate and track moving objects for stationary surveillance issues [18]. These 
conventional approaches do, however, have some shortcomings. They frequently perform badly in unrestricted 
metropolitan environments and rely heavily on basic assumptions like background stability, object appearance 
constancy, and predictable target motion [19].  

In the deep learning era, CNNs were used to extract features for data-driven learning-based video object tracking. 
MDNet demonstrated that a powerful and sophisticated visual feature extractor could more accurately 
differentiate between a variety of similar-looking objects under challenging circumstances [20]. Siamese 
network-based techniques, such SiamFC, have been proposed to learn general matching functions for robust 
target tracking under large appearance fluctuations and real-time template matching [21]. A common model for 
multi-object tracking (MOT) was DeepSORT, which combined motion-based state estimation with robust CNN-
based re-identification descriptors to monitor several objects at once [22]. By learning long-term dependencies 
over time, attention mechanisms and recurrent structures like LSTMs have been employed to improve the 
model's resilience against pose changes, occlusion, and drift [23]. Tracktor and CenterTrack have recently been 
developed in the direction of joint detection-tracking architectures; their performance has improved by 
integrating detection and temporal information within an end-to-end trainable system [24]. Despite the 
development of numerous sophisticated deep trackers, the most of them still rely on local connections in motion 
or appearance. They are vulnerable to persistent identity switching or fragmentation in dense or interactive 
contexts because they manage each object independently and have only limited encoding for interaction or 
group dynamics [25]. These models have not been able to fully utilize the potential of global scene context as 
camera networks have grown in density and surveillance scenarios have become more integrated [26]. 
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GCN and Graph-Based Approaches in Vision 

The issue of long-range dependencies and relations in visual data has recently been addressed by graph-based 
models. An increasing number of applications of graph neural networks (GNNs), specifically graph convolutional 
networks (GCNs), have been used to simulate the temporal and spatial interactions among items in video 
streams [27]. By modeling tracked objects and their co-occurrence or motion-induced linkages as nodes and 
edges, GCNs have demonstrated the capacity to aggregate contextual inputs and enhance reasoning about scene 
composition and activity [28]. The initial GCN-based trackers enhanced detection association in static or semi-
static environments by using static graphs to learn the spatial relationships or affinities among detected items 
in a single frame [29]. The aforementioned frameworks have effectively connected object instances in 
subsequent frames as temporal graphs have been built over time, ensuring robust long-term identity recognition 
and supporting the modeling of events over lengthy periods of time [30].  

Nevertheless, there are still certain issues with using GCNs to solve the surveillance video tracking issue. The 
performance and generalizability of the network are directly impacted by the approach for generating graphs, 
which includes deciding which nodes to join, how to encode the weight of the edges, and over what time period. 
The majority of existing approaches, which rely on heuristics, distance-based, or hard-coded criteria for graph 
connection, perform poorly in the wide range of real-world scenarios found in large-scale surveillance systems. 
As network depth increases, the node representations become less discriminative due to over-smoothing or 
information loss in deep or recurrent GCN architectures. The computational issues will be more severe in a high-
density area, and the number of monitored objects and the analysis time window will cause the memory and 
runtime needs to rise quickly. Recent research has proposed edge weighting algorithms, adaptive message 
passing, and hierarchical or dynamic graph designs to increase scalability and accuracy, however these 
sometimes involve trade-offs between association quality and computational efficiency. Lastly, the learned 
graph representation is prone to errors and may increase tracking uncertainty rather than decrease it because 
the surveillance data frequently contains detection noise, partial occlusion, and background clutter. Research is 
now being conducted to build robust, large-scale, and context-aware multi-object tracking algorithms based on 
graphs for complex video surveillance scenarios, as the aforementioned practical shortcomings have not yet 
been fully solved. 

Proposed Method 

System Architecture and Overall Pipeline 

Effective use of both low-level visual features and high-level relational information in the system is necessary to 
guarantee the stable multi-object tracking of real-world surveillance data. In order to cooperatively handle 
object representation, spatiotemporal connection reasoning, and identity association in dynamic situations, our 
GCN-enhanced tracking architecture has been built as a cascade of specialized modules.  

Getting an unprocessed, unstructured video stream for this system is the initial step. Preprocess every frame 
using geometric alignment and brightness normalization to reduce the effects of uneven lighting and sensor 
errors. After that, a high-performance, anchor-free detector produces object bounding boxes, dense feature 
embeddings, and matching confidence scores. These embeddings are produced by a backbone convolutional 
neural network that incorporates squeeze-and-excitation attention. Because they include both spatial 
neighborhood information and semantic appearance cues, they are more resilient to contextual distractions and 
occlusion.  

Instead of processing each frame's detections independently, compile the findings from a brief series of 
successive frames. In this window, a space-time graph is created, where each node represents an instance of an 
object and the edges show potential associations found using motion prediction, visual affinity, and spatial 
overlap metrics. Due to the adaptive nature of this graph's formation, a trade-off must be made between 
preserving the overall scene structure for slowly moving, infrequently changed items and preserving the local 
topology of fast-moving objects. In order to incorporate geometric displacement, feature similarity, and context 
attention into a single affinity score, edge initialization learns a compatibility function.  

A graph convolutional module, which operates on the constructed spatial-temporal graph, is the fundamental 
component of the architecture. Contextual information is iteratively distributed via multiple graph convolutional 
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layers, and each node is updated by weighted aggregation of features from nearby nodes. Information flow is 
restricted by edge-aware normalization and gating, which filter out less relevant or noisy associations while 
allowing only significant ones to pass. A hierarchical pooling operation is performed at the end of each block in 
order to shrink the subgraph and focus more on the salient relational patterns in dense areas.  

The system is currently in the association stage after strengthening the relational aspects in the manner 
described above. Currently, a two-level assignment mechanism aligns the improved node representations across 
various frames: a probabilistic gating unit resolves ambiguities in densely connected subgraphs based on 
temporal consistency and trajectory continuity, after a linear assignment minimizes the overall association cost 
in the window. The two branches, which leverage local motion coherence and the latent structure of the 
interaction graph, respectively, can aid in reducing identity flips brought on by occlusion, crossover, or 
appearance changes.  

Each track maintains a memory buffer containing previous embeddings and association confidences, and 
tracklets are initiated or updated in accordance with the aforementioned assignments. To lessen the spread of 
spurious connections, an uncertainty-aware fusion module regularly modifies a track feature's weight. Because 
the entire pipeline is designed with modularity in mind, it can be easily replaced when the detector, feature 
extractor, or graph processing components need to be improved, ensuring the long-term extensibility and 
practicality of various surveillance scenarios.  

Figure 1 depicts the complete procedure, from feature extraction and spatiotemporal graph creation to context-
aware message forwarding and tracklet association and update. The aforementioned serves as the foundation 
for our system's sophisticated graph-based reasoning modules, which are capable of maintaining precise and 
ongoing tracking in all kinds of complicated movies. 

 
Figure 1. GCN-Enhanced Object Tracking System Architecture 

Graph Construction and GCN Modeling 

The pivotal advancement of our tracking system lies in the explicit modeling of object interactions and temporal 
consistency through a dynamically constructed spatial-temporal graph. Each detection within a temporal 
window is represented as a node, where its feature vector fuses both the semantic content and the most recent 
positional and motion states. Given the inherent variability and density of real surveillance video, the design and 
learning of this graph are both data-adaptive and informed by robust mathematical formalism. 

For every graph instance, let 𝐡𝐡𝑖𝑖
(0) ∈ ℝ𝑑𝑑  be the initial feature embedding for node 𝑖𝑖 . Spatial relationships 

between nodes in the same frame are encoded via a Gaussian kernel composed with feature similarity, as shown 
in: 

𝑎𝑎𝑖𝑖𝑖𝑖
spatial = exp �−

�𝐱𝐱𝑖𝑖 − 𝐱𝐱𝑗𝑗�
2

2𝜎𝜎2
� ⋅

�𝐡𝐡𝑖𝑖
(0),𝐡𝐡𝑗𝑗

(0)�

�𝐡𝐡𝑖𝑖
(0)��𝐡𝐡𝑗𝑗

(0)�
 Eq.(1) 

To track identities across frames, temporal edges are instantiated based on velocity prediction and local 
smoothness. A temporal compatibility score is defined in: 

𝑎𝑎𝑖𝑖𝑖𝑖
temporal = 𝕀𝕀��𝐱𝐱𝑖𝑖𝑡𝑡+1 − �𝐱𝐱𝑗𝑗𝑡𝑡 + 𝐯𝐯𝑗𝑗𝑡𝑡Δ𝑡𝑡�� < 𝛿𝛿� ⋅ exp �−𝛾𝛾�𝐯𝐯𝑖𝑖𝑡𝑡+1 − 𝐯𝐯𝑗𝑗𝑡𝑡�

2� Eq.(2) 
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where 𝐯𝐯𝑗𝑗𝑡𝑡  is the velocity of node 𝑗𝑗  at time 𝑡𝑡, 𝛿𝛿  is a spatial gating threshold, and 𝛾𝛾  is an inverse bandwidth 
parameter. 

All relational weights are combined to form a unified adjacency matrix, as detailed in: 

𝐴𝐴𝑖𝑖𝑖𝑖 = 𝛽𝛽𝑎𝑎𝑖𝑖𝑖𝑖
spatial + (1 − 𝛽𝛽)𝑎𝑎𝑖𝑖𝑖𝑖

temporal  Eq.(3) 

where 𝛽𝛽  is a learnable balance parameter optimized jointly with model parameters, controlling the context 
focus. 

Graph convolution is performed using an adaptive attention mechanism. At layer 𝑘𝑘 + 1, node 𝑖𝑖 's feature is 
updated as: 

𝐡𝐡𝑖𝑖
(𝑘𝑘+1) = 𝜎𝜎 � �  

𝑗𝑗∈𝒩𝒩(𝑖𝑖)

 𝛼𝛼𝑖𝑖𝑖𝑖𝐖𝐖(𝑘𝑘)𝐡𝐡𝑗𝑗
(𝑘𝑘) + 𝐛𝐛(𝑘𝑘)� Eq.(4) 

where 𝜎𝜎 is a nonlinear activation, 𝐖𝐖(𝑘𝑘) is the trainable kernel, and the normalized attention weight 𝛼𝛼𝑖𝑖𝑖𝑖  is given 
by the softmax of adjacency weights: 

𝛼𝛼𝑖𝑖𝑖𝑖 =
exp �𝐴𝐴𝑖𝑖𝑖𝑖�

∑  𝑙𝑙∈𝒩𝒩(𝑖𝑖)  exp (𝐴𝐴𝑖𝑖𝑖𝑖)
 Eq.(5) 

To ensure both robustness to noisy links and generalization to varying crowd densities, edgelevel dropout is 
incorporated during training. The masked adjacency matrix is sampled as follows: 

𝐴̂𝐴𝑖𝑖𝑖𝑖 = 𝑚𝑚𝑖𝑖𝑖𝑖 ⋅ 𝐴𝐴𝑖𝑖𝑖𝑖 ,𝑚𝑚𝑖𝑖𝑖𝑖 ∼ Bernoulli�𝑝𝑝𝑖𝑖𝑖𝑖� Eq.(6) 

where dropout probability 𝑝𝑝𝑖𝑖𝑖𝑖  is a function of historical association stability and node centrality, driving the 
model to focus on reliable associations. 

As shown in Figure 2, this approach enables joint encoding and propagation of both spatial and temporal 
relationships through successive layers, yielding context-aware, robust node embeddings for high-fidelity object 
tracking in complex scenes. 

 
Figure 2. Construction of Spatial-Temporal Graph and GCN Modeling. 

Tracker Integration and Loss Design 

To guarantee both temporal consistency and assignment correctness, the entire tracking loop must incorporate 
the creation of a combined spatial-temporal graph and GCN-derived embeddings. The system will operate live, 
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link fresh detection results to the current trajectories, and use graph-contextual reasoning and visual cues to 
decide whether to start or stop the trajectory. 

After graph convolution, each node yields a refined embedding 𝐳𝐳𝑖𝑖  that encodes not only appearance but also 
multi-hop relational context from the graph. To associate detections to existing trajectories, the framework 
employs a matching function operating on these embeddings. The assignment cost between an incoming 
detection 𝑑𝑑𝑖𝑖  and candidate tracklet 𝑡𝑡𝑗𝑗 is computed as follows: 

𝐶𝐶𝑖𝑖𝑖𝑖 = 1 −
�𝐳𝐳𝑑𝑑𝑖𝑖 , 𝐳𝐳𝑡𝑡𝑗𝑗�

�𝐳𝐳𝑑𝑑𝑖𝑖� �𝐳𝐳𝑡𝑡𝑗𝑗�
 Eq.(7) 

where 𝐳𝐳𝑑𝑑𝑖𝑖  denotes the embedding for a new detection and 𝐳𝐳𝑡𝑡𝑗𝑗 summarizes the historical embedding trajectory 
for the existing tracklet, aggregated over recent frames. 

Assignments are resolved using a two-level optimization. First, a cost matrix 𝐶𝐶 is constructed for all candidate 
pairs, and the optimal assignment is found by solving a linear assignment problem (LAP) using the Hungarian 
algorithm. However, to discourage spurious reassignments after occlusion or abrupt interaction, a temporal 
regularization penalty 𝑅𝑅𝑖𝑖𝑖𝑖  is applied: 

𝑅𝑅𝑖𝑖𝑖𝑖 = 𝜆𝜆𝑟𝑟 ⋅ 𝕀𝕀 �Inactive�𝑡𝑡𝑗𝑗�� ⋅ exp �−𝜅𝜅 ⋅ Δ𝑡𝑡𝑗𝑗� Eq.(8) 

where 𝜆𝜆𝑟𝑟  regulates the penalty scale, 𝕀𝕀(⋅) indicates whether a tracklet was inactive (i.e., not visible due to 
occlusion), and Δ𝑡𝑡𝑗𝑗 is the gap since its last association. The effective cost becomes: 

𝐶̃𝐶𝑖𝑖𝑖𝑖 = 𝐶𝐶𝑖𝑖𝑖𝑖 + 𝑅𝑅𝑖𝑖𝑖𝑖 Eq.(9) 

On successful association, state updates are performed using a Kalman filter, with state augmentation 
incorporating the GCN output for improved prediction under non-linear target motion: 

𝐱̂𝐱𝑡𝑡𝑗𝑗
𝑡𝑡+1 = 𝐅𝐅𝐱𝐱𝑡𝑡𝑗𝑗

𝑡𝑡 + 𝐆𝐆𝐳𝐳𝑑𝑑𝑖𝑖  Eq.(10) 

where 𝐅𝐅 is the standard motion update matrix and 𝐆𝐆 projects the relational embedding into the motion space. 

Tracklet termination or creation is handled adaptively. Tracklets are marked as lost after exceeding a maximum 
missing window; new tracks are initiated only if detections remain unassigned after the LAP, with confidence 
thresholding based on the graph connectivity score: 

𝑃𝑃init(𝑑𝑑𝑖𝑖) = 𝜎𝜎 � �  
𝑘𝑘∈𝒩𝒩(𝑖𝑖)

  𝐴̂𝐴𝑖𝑖𝑖𝑖� Eq.(11) 

where 𝜎𝜎 is a sigmoid function reflecting the likelihood of persistent identity. 

Training the entire tracking framework involves minimizing a compound loss. The target identity loss 𝐿𝐿id  
enforces correct assignment: 

𝐿𝐿id = − �  
𝑁𝑁tracks 

𝑖𝑖=1

𝑦𝑦𝑖𝑖log (𝑦̂𝑦𝑖𝑖) + (1 − 𝑦𝑦𝑖𝑖)log (1 − 𝑦̂𝑦𝑖𝑖) Eq.(12) 

where 𝑦𝑦𝑖𝑖  is the ground truth association for each track and 𝑦̂𝑦𝑖𝑖  the predicted match probability. This is jointly 
optimized with the temporal smoothness and topological losses derived in the GCN module. 

Association, assignment, trajectory memory, and feedback to the graph module comprise the full tracking loop; 
high-level data flows, state modifications, and information sharing between the GCN reasoning process and 
matching components are recorded here. Because of the aforementioned steps, the tracker can accurately track 
several objects without experiencing considerable fragmentation and is comparatively stable in the midst of 
complicated temporal fluctuations, crowded sceneries, and long-term occlusions. 
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Experiments 

Datasets and Baselines 

An all-around test of the suggested GCN-enhanced tracking model was conducted using a number of challenging 
surveillance datasets. Due to their high crowd densities, frequent occlusions, and dim illumination, MOT17 and 
MOT20 remain the most challenging urban tracking scenarios. MOT20 has achieved an unparalleled level with 
over 200 distinct object identities every frame. While MOT20 focuses on the realities of extreme congestion, 
MOT17 includes both a moving and a stationary camera perspective, with over 140 labeled targets in its peak 
frame. The DukeMTMC dataset, which supports multi-camera tracking in a variety of settings and environments 
and requires persistent identity tracking for target transfers between physical and visual domains, will be used 
to confirm the generalization capabilities under multiple tracking paradigms.  

The current state of multi-object tracking is indicated by Comparative Baselines. FairMOT can offer information 
on the benefits of joint detection and feature fusion, whereas DeepSORT is chosen for its robust appearance-
based data association capacity. The detector-centric regression approach used by Tracktor differs from our 
approach and is not explicitly relational. ByteTrack is used to improve matching stability and speed under 
challenging circumstances. In order to directly compare adaptive spatio-temporal graph modeling with fixed-
topology graph approaches, a retrained GCNeXt baseline has also been provided. For fair comparison, all of the 
aforementioned methods have been normalized using a shared detection and embedding setup. 

Experiment Design and Evaluation Protocol 

The experiment's design guaranteed the module evaluation's transparency and complete metrology 
reproducibility. Every video clip was scaled to the same resolution of 1280x720 and normalized by channel. As 
in Section 3, a windowed spatio-temporal graph was created utilizing bounding boxes and 256-dimensional 
identification embeddings obtained from a high-precision detector. Utilize hierarchical GCN layers for feature 
propagation that facilitate both temporal linkages and spatial aggregates, and dynamically update all nodes and 
edges. The robustness of data association against occlusion and path crossing in the graph module was enhanced 
through recurrent feedback at the track assignment step.  

Figure 3 depicts the system's overall operation as well as the modules that comprise the system. The main 
procedure for raw video input for detection and embedding, graph creation and GCN reasoning, and, lastly, track 
assignment and update loops closely related to evaluation and validation logic are depicted in the above 
schematic. The ground-truth mapping, metric computation, and error analysis are all in line with the model's 
inference process, as the picture illustrates, and comprehensive, open-source reports are offered for every 
dataset and scenario. 

 
Figure 3. Experimental Workflow and Evaluation Scheme 
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Schematic diagram depicting the complete tracking pipeline, from video input through detection, feature 
extraction, spatio-temporal graph assembly, multi-layer graph convolution, data association and update, to final 
evaluation and reporting modules. The relationships and flows between each module are shown for maximum 
clarity and reproducibility. 

Implementation Details 

CUDA 11.4 is utilized for all graph and tensor operations, and PyTorch 1.13 realizes the full tracking architecture. 
Video frames are detected using YOLOv5, and sensitivity is balanced by setting a bounding box threshold of 0.4. 
A multi-frame Kalman smoother is used to estimate velocity and short-term curvature, and each detection is 
represented by a 256-dimensional appearance embedding from the head of a ResNet-34. Dynamic graph 
instantiation is implemented using a custom CUDA extension that is highly optimized for real-time topology 
changes; for graph convolution, a hybrid sparse-dense operation strategy is used to maintain computational 
feasibility and speed under the load of more than 200 concurrent nodes.  

Track association applies temporal smoothing, prioritizes nodes based on cosine similarity, and then optimizes 
using the Hungarian method. AdamW training, cosine-decay scheduling, an initial learning rate of 2e-4, and a 
batch size of 8. The optimal epoch is chosen based on the validation set's MOTA, and models typically converge 
by the 35th epoch. The open-source repository contains the complete model checkpoint, inference script, and 
configuration file.  

The outputs of all modules are linked in a chain to guarantee that feature extraction, graph propagation, 
assignment, and benchmarking operate as a single, highly integrated pipeline, as seen in the workflow and 
diagrams above. For the suggested framework, this design can perform well and be adaptable to various kinds 
of surveillance situations. 

Results and Analysis 

Quantitative and Qualitative Results 

We have carried out comprehensive quantitative studies on the MOT17, MOT20, and DukeMTMC datasets to 
illustrate the key advantages of our GCN-enhanced tracking framework, and numerous visual evaluations of 
tracking sequences have demonstrated the system's viability. Some common tracking indicators are displayed 
in Figure 4, where they are directly compared with high-performing models across all datasets.  

Figure 4(a) illustrates the performance improvements. The suggested tracker outperforms the top non-GCN 
baseline, particularly in the highest-density crowd sequences, with a MOTA of 75.2% for MOT17 and 69.4% for 
MOT20. The aforementioned changes will preserve the identity of objects under partial occlusion and 
demonstrate a high-confidence association between detectors; otherwise, segmented tracks will not be 
established by static or appearance-only approaches. Our approach has a higher average MOTP (0.81 for MOT17 
and 0.79 for MOT20), as seen in Figure 4(b). This indicates that it exhibits good localization accuracy in high-
speed or hazy images that make point-to-point association challenging.  

Additional identity preservation study reveals that, as Figure 4(c) illustrates, our IDF1 score for MOT17 reaches 
73.0%, surpassing both FairMOT and ByteTrack. This demonstrates that temporal graph modeling dramatically 
lowers identity switches (IDS). As Figure 4(d) illustrates, the number of IDS across all datasets drops by roughly 
22% when compared to DeepSORT and by 18% when compared to FairMOT. As a result, on-site surveillance will 
require fewer switches in the future. 

The chosen scene visualizations of these quantitative findings are displayed in Figure 5. In contrast to 
conventional matchers, the GCN propagates contextual memory enabling quick re-identification upon the 
object's reappearance, as demonstrated in Figure 5(a). The system can maintain the proper identity labels even 
after a prolonged period of full-body occlusion. Another positive outcome is seen in Figure 5(b), where adaptive 
edge weighting has enhanced performance in packed areas and the tracker maintained an object's unique ID 
over numerous crossings and overlaps in a high-density crowd scene from MOT20.  

Nighttime camera footage from DukeMTMC has been used to address ambient illumination issues, which are 
commonly reported as failure situations (Figure 5(c)). The tracker prevents premature track loss or false positives 
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that happen with detector-based or purely visual systems, and it maintains a solid track of tracklets in the 
presence of substantial noise and blur. Lastly, Figure 5(d) discusses abrupt movement and a quick presence or 
disappearance in the field of view; even in fast-paced, collective motion, the GCN's temporal smoothing may 
connect the movement of objects without causing track fragmentation. 

 
Figure 4. Quantitative Benchmark Comparison(a) MOTA performance for each dataset and methods compared(b) MOTP precision scores 

for evaluated trackers(c) IDF1 identity preservation evaluation(d) IDS (Identity Switch) count across trackers 

 
Figure 5. Tracking Results Visualization in Complex Scenes(a) Occlusion robustness on MOT17 test sequences(b) Identity consistency in 
MOT20 dense crowds(c) Low-light, high-noise tracking in DukeMTMC(d) Trajectory continuity with abrupt dynamics and group motion 
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Together, these results establish the system’s measurable and substantiated advantage—statistically and 
visually—across the most demanding object tracking scenarios encountered in modern real-world surveillance. 

Ablation and Component Analysis 

Numerous ablation and sensitivity investigations were carried out to identify the causes of the robust tracking 
attained by the suggested spatial-temporal graph structure and GCN components. The overall tracking 
performance of this study is influenced differently by the model's depth, edge construction approach, and input 
conditions, as Figure 6 illustrates.  

This research aims to examine how various GCN layer levels affect a model's ability to contextualize scenes and 
discriminate. Both the MOTA and IDF1 scores increased when the number of GCN layers increased from one to 
three, as seen in Figure 6(a). In order to increase accuracy and the quantity of identity transitions, the model will 
now communicate the context required for occlusion recovery and fine-grained group interactions. Nevertheless, 
adding more than three layers to the network has resulted in declining benefits and, ultimately, worse 
performance because of feature over-smoothing, which dilutes local appearance cues by sending too many 
messages. The empirical optimum is three GCN layers, which have been shown to provide a compromise 
between context coverage and the maintenance of identification precision after multiple cross-validation.  

 
Figure 6. Ablation Study and Component Effect(a) GCN layer depth vs. MOTA/IDF1 on MOT17(b) Edge strategy comparison: appearance, 

motion, hybrid(c) Tracking accuracy under synthetic occlusion 
 

The other line of inquiry is edge design. The outcomes of the three approaches—appearance-only, motion-only, 
and the chosen composite attention-based edges—are shown directly in Figure 6(b). The problem of 
unidentifiable targets that are visually similar but unique arises when edges are built only based on feature 
similarity; hence, both the IDS and the number of fragments has dramatically increased. Although motion-based 
edges can withstand solitary motion in a scene, they are unable to discern between pathways that abruptly 
diverge or cross. When tracking in situations of high crowd density or fast movement, a hybrid adaptive edge 
method that combines appearance and motion information with a soft attention gate has typically performed 
better.  
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Finally, Figure 6(c), where synthetic occlusion is progressively increased in the validation, illustrates the model's 
robustness to challenging inputs. The suggested tracker outperforms the baseline approach, which exhibits a 
significant increase in the error rate under the same conditions, and maintains more than 93% of its peak MOTA 
at 40% occlusion. This slight decrease in accuracy indicates that both the space-time graph's flexible 
connectedness and the cross-frame relational information's stabilizing effect are operating as intended.  

When combined, the aforementioned findings demonstrate that the optimal outcomes for the system depend 
on both the delicate graph edge design and the architectural context (depth of GCN). The observed durability 
and good data association are caused by adaptive hybrid connection and carefully bounded message 
propagation, as used in our method; hence, these sophisticated elements are necessary in the present multi-
object tracking problem. 

Failure Modes and Robustness Discussion 

To establish the limits of the suggested tracker and give an evidence-based comparison with top-performing 
baselines, a critical study of the failure scenarios was conducted. Three challenging instances were chosen as 
examples: abrupt scene changes, such as the abrupt appearance or disappearance of targets, significant 
ambiguity resulting from intense interaction, and continuous and total occlusion. Figure 7 displays the data and 
statistics derived from the aforementioned analyses.  

 
Figure 7. Failure and Robustness Case Analysis(a) Confusion matrix: identity assignment under dense interaction(b) Occlusion case study: 

ID recovery and failure instances(c) Challenging trajectories: tracking overlays during rapid group motion 
 

A group with extremely unclear interactions is a common reason why multi-object tracking fails. The confusion 
matrix heatmap in Figure 7(a) illustrates how the GCN-augmented system lowers misassociation error rates for 
a growing number of close-encountering identities. Although the relational context of GCNs offers some 
isolation, deep appearance-based trackers display sharply concentrated off-diagonal errors that suggest 
frequent ID shifts, and short-term ID confusion is still apparent at large crowd densities.  

One particular issue with robustness is prolonged occlusion, which means the target is either completely or 
partially obscured for a lengthy time. These sample frames represent both successful and unsuccessful re-
identification, as seen in Figure 7(b). The aforementioned technique is less successful when occlusions are 
protracted or when multiple comparable items appear at once, even if it usually recovers ID continuity following 
re-emergence in the majority of cases. It is evident that temporal bridging in the graph also contributes to better 
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continuity, and the average tracklet fragmentation rate is still more than 12% lower than that of non-graph 
baselines.  

For positioning prediction and appearance cues, abrupt turns or quickly shifting group entry may be too stressful. 
A tracking overlay for a quick group merge and dispersal is shown in Figure 7(c). When several visually identical 
targets emerge at the same time and momentarily display the same movement, a rare error may occur, even if 
the system can typically correctly correlate targets using adaptive edge weighting and memory. The 
aforementioned are uncommon instances that point to a deficiency in higher-order group interaction models or 
predictive motion mechanics. 

The model routinely beats all other baselines in terms of identity retention by displaying less instances of switch-
and-fragmentation, and it generally exhibits high robustness to the majority of real-world issues. In terms of 
system design, the Ultimate Tracking Stability in the worst edge circumstances still requires improvement. It is 
evident from the aforementioned findings that the adaptive graph convolutional approach is workable and could 
offer a way forward for multi-object tracking. 

Conclusion 
A novel framework for multi-object tracking in security footage is presented in this research. It is built on deep 
graph convolutional neural networks that incorporate adaptive spatial-temporal graph structures. Local changes 
in a tracked object's appearance and motion, as well as other high-order relational relationships between these 
objects, are described by approach models. To achieve context-aware and robust trajectory association in the 
system, data-driven graph generation and attention-enhanced GCN propagation are used. This solves the issues 
of fragmentation and identity switching in conventional tracking techniques. The resulting structure is tightly 
coupled and somewhat modular, allowing for the closed-loop execution of several feature extraction, graph 
modeling, and data association phases.  

It has demonstrated significant gains over the best current trackers in the majority of measures for tracking 
accuracy and identity preservation based on the public standards of MOT17, MOT20, and DukeMTMC. The 
aforementioned common issues, such as dense crowding, widespread opacity, sudden appearance changes, and 
intricate inter-object interactions, are absent from the model. To fully utilize graph reasoning, adaptive, hybrid 
edge creation and the ideal depth of GCN layers are necessary, according to ablation studies and sensitivity 
analysis. Failure case study has shown the system's stability, but it has also revealed several flaws, such as issues 
with very high population densities or extended, simultaneous object occlusion. We therefore think that graph-
based architectures are also very successful for large-scale, real-world video analysis based on the 
aforementioned results.  

The aforementioned foundation will be used in the future to deploy improved prediction modules for better 
anticipation and recovery in uncertain scenarios and to automatically adapt graph building to different scene 
semantics. In order to satisfy practical ethical criteria, future development will concentrate on increasing 
computational efficiency for deployment at the edge and adding privacy-preserving features. Enhance situation 
awareness and full-intelligent surveillance capabilities in complicated contexts by expanding the framework to 
handle numerous cameras, various modalities (such as photos and videos), open-world scenarios, and so forth. 
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