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Abstract — Adaptive Dynamic Activity Mapping presents a novel approach for real-time heatmap
visualization in object detection systems. Traditional heatmap methods often suffer from ghost effects and
fixed kernel sizes, limiting their effectiveness in dynamic scenes. This paper introduces an adaptive approach
that integrates with YOLOV8 object detection to provide more accurate and responsive visualization.
Performance evaluation across different scenarios demonstrates significant improvements, achieving 97%
faster processing in simple scenes while maintaining efficient memory utilization with a 4% reduction
compared to traditional methods. While traditional approaches show higher temporal consistency (0.99 vs
0.89), our method eliminates ghost effects and provides better heat uniformity in crowded scenes (0.2495 vs
0.1849). The system employs dynamic kernel generation that adapts to object dimensions, addressing a
fundamental limitation of fixed-size kernels in traditional implementations. Experimental results validate the
effectiveness of our approach in balancing processing efficiency, visualization quality, and resource
utilization, particularly in scenarios requiring accurate temporal representation and clean visualization of
object activities.
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I. INTRODUCTION

Object detection is one of computer vision's most critical and essential tasks, aimed at searching for
and recognizing objects in images [1]. While object detection provides the foundational analysis,
visualization transforms this data into interpretable information that can hide complex details,
highlight areas of interest, and provide varying degrees of abstraction [2] [3]. This symbiotic
relationship between object detection and visualization [4],[5]. enhances human perception of
detection results, facilitates understanding of model behavior, and enables effective system
debugging [6] [7]. Consequently, modern visualization technique research has focused on detecting
images [8]. Many methods have been published to reveal deep learning mechanisms, but few
provide concrete visual cues or expose internal decisions [9]. Therefore, there is a growing need for
advanced visualization techniques to provide real-time, adaptive, and efficient representation of
object detection results. Among various object detection algorithms, YOLOv8 (You Only Look
Once v8) has emerged as a leading framework for real-time applications due to its efficiency and
accuracy in handling diverse detection tasks [10]. By integrating YOLOvV8 with heatmap
visualization, developers can achieve more explainable and interactive object detection
systems[11][12], It is because, heatmaps are particularly effective for representing spatial data in
object detection architectures, providing users with improved result interpretation capabilities.
However, current heatmap visualization techniques face several critical challenges that limit their
effectiveness [13]. The primary challenge lies in fixed kernel limitations that prevent adaptation to
varying object sizes, coupled with substantial processing overhead in real-time systems. These
issues are further compounded by high memory consumption that significantly impacts overall
performance [14]. Additionally, developers face considerable difficulty in balancing visualization
quality with real-time processing requirements [15] These multifaceted challenges underscore the
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pressing need for advanced solutions that can meet critical industry requirements, including real-
time processing capability, adaptive visualization mechanisms, and resource-efficient
implementation [16]. These requirements are essential for developing practical and effective
visualization systems that can operate in real-world conditions.

1. Heatmap Visualization

Heatmap displays can be used to interpret object detection since colour encoding best represents
spatial data [17]. They simplify complex information and allow for easy observation of patterns
[18]. Visualizations are essential in machine learning and intense learning applications [19].
Visualization and deep learning together provide a comprehensive data analysis [20]. Object
detection can classify images and detect the object bounds [21]. Heatmaps provide visual clues for
spatial positioning and are commonly used in activity recognition and human pose estimation [22].

2. Limitation of Traditional Heatmap

The traditional heatmap techniques used for object detection have limitations in handling scale and
size variations [23]. The heatmaps cannot be scaled with small details and are unsuitable for actual
video feeds [24]. It also cannot map temporal information or operate on human behavior datasets
[25]. The heatmap generation process requires intensive computational resources, while traditional
background models fail to perform effectively in dynamic environments [26]. Traditional
previously used methods are not location or climate-specific and present difficulties in real-time
object identification [27]. In addition, in the case of object scales, the traditional heatmap
visualization for object detection poses a constraint in scaling and is thus not accurate [28]. Static
decay rates can cause ghosting or objects vanishing at a very high speed, thus complicating object
tracking [29]. High memory usage and computation needs are the main challenges to real-time
utilization. It may also be noted that the inability to change stance decreases detection efficiency
when the conditions constantly change, leading to missed detections [29]. Some of the problems
with the visualization quality, for example, blurring, complicate the interpretation of the heatmap
[30]. Enhancement is required to create more accurate, up-to-date, dynamic spatial data models.

3. Propose Method

Traditional heatmap techniques face significant limitations in handling scale and size variations. To
address these challenges, we introduce Adaptive Dynamic Activity Mapping (ADAM), which
implements adaptive kernel generation to handle varying object sizes while maintaining efficient
performance. First, ADAM uses adaptive kernel generation, which adapts to object sizes and
replaces static kernel methods. Secondly, ADAM combines with YOLO88 to conduct accurate
object detection, especially in the case of different object scales. Third, dynamic decay rates that
adapt to area activity levels are used to implement temporal management in ADAM. It removes the
typical 'ghost effect’ of traditional systems while keeping essential temporal information in less
active regions. ADAM optimises for accurate real-time performance with high-quality visualization
by minimising memory usage and maximising processing efficiency.
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I1. SIGNIFICANCE OF STUDY

This section presents the methodology of ADAM, our proposed solution for real-time heatmap
visualization in object detection.

1. ADAM Flowchart
As shown in Figure 1, YOLOVS is used as the object detection engine at the input stage to produce

the bounding boxes and confidence scores, which are then used by ADAM's core components to
produce heatmaps.
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Figure 1. ADAM’s Flowchart

The interaction between these components forms a streamlined pipeline where each module
performs specialized tasks, starting from object detection through YOLOVS to the final heatmap
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visualization. The following sections detail each component's role and their mathematical
foundations, beginning with the YOLOvV8 Detection Component.

2. YOLOVS Detection Company

YOLOV8 is the primary input module in ADAM, providing robust object detection capabilities with
three essential parameters: intersection over union (loU) threshold for Non-Maximum Suppression
(NMS), confidence threshold, and model weights. NMS eliminates redundant detections by keeping
the highest confidence detection when overlapping areas. BaseDetector standardizes the detection
interface and ensures each video frame is processed consistent mathematical framework of the
detection process is defined as:

D(f) = {(bil Ciili)li = 1, ...... ,Tl} (1)
Where:

e D(f) represents the detection output for frame f
e b; = (x4, Yy1,%2,Y>) is bounding box coordinates
e (; is the confidence score of the dection

e [; is the class label

e n is the number of detected objects in the frame

Obiject filtering is applied through two threshold parameters:

1, ifc; = t.and IoU < 14y,
0, otherwise

P(b) = | @

Where:

e 7. = 0.25 is the confidence threshold
® T;o, = 0.45 for NMS threshold
e P(b;) 1 for retained, 0 for discarded detection

These filters help to feed only the high-confidence detections to the Adaptive Heatmap component,
improving accuracy and computational complexity. Moreover, the detector predicts the coordinates
of boxes at the spatial level, the confidence score, and the class label, which are passed to the Kernel
Generator in the following pipeline.

3. Kernel Generation Component

The Kernel Generator is an important module that synthesizes adequate Gaussian kernels in
accordance with the sizes of identified objects. Conventional approaches employ kernels of fixed
size, while in ADAM, kernel size changes according to the spatial dimensions of the detected
objects, providing a more accurate depiction of activity distribution. The adaptive Gaussian kernel
is generated using the following equation:

1 exp (_ (x—ﬂx)2+(y—uy)2)

K(x,y) = — (3)

2mo?
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Where:
e (x,y) represents the pixel coordinates.

e (ux. 1y) is the center of the detected object.
e o is the adaptive standard deviation.

The adaptive standard deviation o is calculated based on object size:
o = max (W, h) X a (4)

Where:
e w is the width of the detected object

e h is the height of the detected object
e o = 0.15 is the spatial sigma factor

The generated kernel is then normalized to ensure the sum of all kernel values equals one:

k(x,y) (5)

Knorm (0 Y) = 5 ke

Where:
® K, orm(x,y) is the normalized kernel

e K(x,y) is the original kernel
® Xxy K(x,y) is the sum of all kernel values

The normalized kernel is then passed to the Adaptive Heatmap Component, which is responsible
for managing three key aspects: temporal decay for historical data preservation, activity map

updates for current detections, and intensity normalization for balanced visualization.

4. Adaptive Heatmap Component

The Adaptive Heatmap Component manages the temporal evolution and intensity distribution of
the activity map through three main processes: temporal decay, activity update, and intensity
normalization. For each frame, the heatmap and activity map undergo temporal decay to maintain

historical context while emphasizing recent activities. The temporal decay process is defined as:
He= Hi1 X B (6)
Where:

e H, is the heatmap at current time t
e H,_; is the heatmap from previous frame
e = 0.95 is the temporal decay factor

For each new detection, the heatmap is updated with the confidence-weighted kernel:

Hi(x,y) = Hi(%,y) + Knorm(x,y) X C; (7)
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Where K,,,-m(x,y) is the normalized kernel c; is the detection confidence score Finally, the
heatmap undergoes adaptive intensity normalization:

— i he(xy) _
Hnorm(%,Y) = clip (502 Tnin, Tmax) ®)
Where:

e T,,in 0.2 IS the minimum intensity threshold

® Tmax 1.0 1S maximum intensity threshold

e clip(x, a, b) clamps the value x between a and b

This normalized heatmap provides a balanced visualization where the intensity reflects both current
detections and historical activities while maintaining a clear distinction between active and inactive
regions.

5. Testing Evaluation
The evaluation of ADAM's algorithm encompassed a comprehensive comparative analysis against

traditional heatmap visualization methods when integrated with YOLOvV8, examining its
performance across two distinct experimental scenarios: detection with limited objects and
detection with multiple objects. This comparative approach was strategically designed to assess
ADAM's adaptive capabilities and limitations under varying object density conditions, utilizing
both a custom dataset comprising 5,000 labelled images for smoking activity detection with limited
objects (specifically two people) from top-down views [31]. and the COCO dataset with YOLOv8n
for multiple object detection scenarios [32]. This methodologically rigorous dual-dataset approach
facilitated a thorough evaluation of the system's performance across different object densities,
enabling the identification of optimal operating conditions and a systematic understanding of system
limitations, thereby providing a comprehensive assessment of ADAM's practical applicability in
diverse detection scenarios. Furthermore, Testing was performed on an NVIDIA RTX 3060 12GB,
chosen for its high-performance capabilities to evaluate ADAM's real-time processing efficiency
and scalability under diverse scenarios.

6. Performance Metric

To comprehensively evaluate ADAM’s adaptive heatmap performance compared to traditional
heatmap methods, we were used several key metrics were used, in the table 1. These metrics
collectively provide a robust framework for analyzing ADAM’s performance, highlighting its
adaptability and visualization quality.

TABLE 1.

PERFORMANCE METRIC VARIABLE
Metric Description
Processing Time Measures the average time per frame to assess real-time performance.
Temporal Consistency Evaluates the stability of heatmap transitions across consecutive frames.
Memory Usage Analyzes average and peak memory consumption during heatmap generation.
Spatial Adaptation Tests the system’s ability to dynamically adjust to varying object sizes.
Heatmap Uniformity Evaluates the evenness of intensity distribution in the heatmap.
Gradient Smoothness Measures the clarity of intensity transitions within the heatmap.
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1. RESULTS AND DISCUSSION

This section presents the experimental results of ADAM and analyzes its performance compared to
traditional heatmap methods. The evaluation focuses on processing efficiency, visualization quality,
and the effectiveness of YOLOVS8 integration. Through comprehensive testing across different
scenarios and datasets, we demonstrate ADAM's capabilities in real-time object detection
visualization. Two distinct test scenarios were conducted to evaluate ADAM's performance: a
limited-object scenario focusing on specific activity detection and a multiple-object scenario in
crowded environments. These contrasting conditions allow us to assess both the algorithm's
adaptability and its performance boundaries in real-world applications.

1. Visual Analysis and Detection Results

As shown in figure 2, in crowded scenes, ADAM demonstrates both its strengths and limitations.
A significant performance impact is observed as the frame rate drops from 25 FPS to 4 FPS,
representing an 84% decrease in processing speed. This substantial reduction is primarily attributed
to the increased computational load when YOLOvV8 processes multiple objects while
simultaneously generating adaptive heatmaps for each detection.
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Figure 2. Sequential visualization of ADAM's ghost effect elimination: (a) initial adaptive heatmap generation based
on current detections, (b) transition phase showing active clearing of previous detections, and (c) generation of new
heatmap without residual traces, demonstrating efficient temporal adaptation in crowded scenes.

s

@ ®) ©
Figure 3. ADAM's performance in limited-object smoking activity detection scenario: (a) initial detection of smoking
activity with adaptive heatmap generation in the region of interest (highlighted in red box), (b) transition phase showing
302



JURNAL INOVTEK POLBENG - SERI INFORMATIKA, VOL. 10, NO. 1, MARET 2025 ISSN : 2527-9866

temporal adaptation as the scene changes, and (c) generation of new activity heatmap with consistent performance at
21.6 FPS.

The red boxes indicate areas where objects have left the detection frame, demonstrating how their
corresponding heatmap signatures immediately disappear without leaving residual traces. This
clean transition between frames highlights ADAM's ability to eliminate ghost effects while
maintaining visualization clarity in multi-object scenarios. Furthermore, In the smoking detection
case in Figure 2, ADAM demonstrates robust performance in tracking specific activities with
limited objects. The sequence shows consistent FPS rates of 21.6, indicating stable real-time
performance. The adaptive heatmap effectively focuses on the smoking activity area, with the red
boxes highlighting the regions of interest where the activity is detected. The temporal adaptation is
particularly noticeable as the heatmap smoothly updates to reflect changes in smoking behavior
without leaving any residual heat signatures from previous detections.

2. Performance Analysis

As shown on table 2, our comprehensive evaluation of ADAM's performance across different
scenarios reveals interesting patterns in processing efficiency and resource utilization. In multi-
object crowded scenarios, the system demonstrates an average processing time of 0.0232 seconds
per frame, while in limited-object scenarios smoking detection, it achieves significantly faster
processing at 0.0006 seconds per frame. This 97% reduction in processing time for limited-object
scenarios illustrates ADAM's efficient scaling based on scene complexity. Furthermore, temporal
consistency remains robust across both scenarios, with crowded scenes achieving 0.8990 and
limited-object scenes slightly higher at 0.9015. This minimal variation (less than 0.3%) indicates
that ADAM maintains reliable temporal adaptation regardless of scene complexity. Memory usage
remains constant at 1,843,200 units across both scenarios, suggesting efficient memory
management and optimal resource allocation. Notably, spatial adaptation shows contrasting
behaviour between scenarios.

TABLE 2.

ADAM PERFORMANCE METRIC
Metric Multi Object Limited Object
Processing Time 0.0232 0.0006
Temporal Consistency 0.8990 0.9015
Memory Usage 1,843,200 1,843,200
Spatial Adaptation -0.4736 0.1412
Heatmap Uniformity 0.2495 0.0000
Gradient Smoothness 0.9826 0.0000
Total Frames 1,109 1,800

However, based on Table 2, In crowded scenes, we observe a negative spatial adaptation
improvement of -0.4736, indicating increased computational challenges in managing multiple
adaptive kernels. However, in limited-object scenarios, the positive improvement of 0.1412
demonstrates ADAM's optimal performance when tracking specific activities. Heat distribution
metrics in crowded scenes show moderate uniformity (0.2495) with excellent gradient smoothness
(0.9826), contributing to visually coherent heatmap generation. The absence of these metrics in
limited-object scenarios (both at 0.0000) reflects the system's focused adaptation to specific
detection tasks.

3. Comparative Analysis with Traditional Heatmap

This section presents a comparative analysis between ADAM and traditional heatmap approaches
across different scenarios. To ensure a fair comparison, both methods were evaluated under
identical conditions using the same datasets and evaluation metrics.
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TABLE 3.

TRADITIONAL HEATMAP PERFORMANCE METRIC
Metric Multi Object Limited Object
Processing Time 0.0220 0.0230
Temporal Consistency 0.9993 0.9982
Memory Usage 1,920,000 1,920,000
Spatial Adaptation N/A N/A
Heatmap Uniformity 0.1849 -1.2746
Gradient Smoothness 0.9710 0.9968

Based on Table 2 and 3, while traditional methods maintain consistent processing times
(~0.022s) regardless of scene complexity, ADAM shows adaptive processing with exceptional
performance in limited-object scenes (0.0006s) and comparable performance in crowded scenes
(0.0232s). Memory management analysis shows ADAM achieving 4% lower utilization across all
scenarios (1,843,200 vs 1,920,000 units). Furthermore, as shown in Figure 4, traditional heatmap
methods demonstrate a significant limitation in temporal adaptation. The visualization shows
prominent ghost effects where activity heat signatures persist long after subjects have moved,
creating large areas of residual heat that do not reflect current scene activities. While this results in
higher temporal consistency scores (0.99 vs 0.89), it actually represents a disadvantage in real-world
applications. ADAM, in contrast, shows better heat uniformity in crowded scenes (0.2495 vs
0.1849) with cleaner temporal transitions.

Figure 4. Comparison of heatmap generation between traditional and ADAM approaches in a smoking detection
scenario. The top image shows traditional heatmap with prominent ghost effects, where heat signatures persist and
spread across large areas even after subjects have moved.

A key distinction lies in spatial adaptation capabilities. Traditional implementations use fixed-size
Gaussian kernels, while ADAM employs dynamic kernel generation adapting to object dimensions.
This fundamental difference is reflected in the absence of spatial adaptation metrics in traditional
heatmaps and visually evident in the more focused, accurate heat distribution of ADAM compared
to the diffused patterns in traditional approaches. These findings show ADAM's advantages in
processing speed, memory efficiency, and adaptive capabilities, making it suitable for applications
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requiring rapid response and clean visualization. Traditional approaches remain preferable where
consistent processing speed is prioritized over adaptive optimization.

In addition, the experimental results reveal important insights about adaptive heatmap
implementations in real-time object detection systems. The significant performance variation
between simple and complex scenes (0.0006s vs 0.0232s) indicates that scene complexity remains
a critical factor in real-time processing capabilities. This finding highlights the importance of
context-aware optimization in visual analytics systems. While the 4% improvement in memory
efficiency might appear modest, it demonstrates that adaptive approaches can maintain lower
resource requirements even while providing more sophisticated functionality. This efficiency
becomes particularly significant in extended operations or resource-constrained environments,
where traditional methods' higher memory usage could limit deployment options.

The trade-off between temporal consistency and ghost effect elimination represents a fundamental
challenge in heatmap visualization. Traditional methods' higher temporal consistency (0.99)
actually impedes accurate activity representation, while ADAM's lower score (0.89) reflects its
success in balancing persistence with adaptability. This finding challenges the conventional
assumption that higher temporal consistency necessarily indicates better performance. These
findings suggest that adaptive approaches offer tangible advantages in real-world applications,
particularly where accurate temporal representation and efficient resource utilization are prioritized
over raw processing speed. However, the performance degradation in complex scenes indicates that
further optimization may be necessary for high-density scenarios.

V. CONCLUSIONS

This paper presents ADAM, a novel approach for adaptive heatmap visualization in real-time object
detection. Through experimental evaluation, we have demonstrated significant improvements in
processing speed for simple scenes and consistent memory efficiency across different scenarios,
while successfully eliminating ghost effects that plague traditional methods. Our results show that
adaptive approaches can effectively balance performance and visualization quality, achieving a 97%
improvement in processing speed for simple scenes while maintaining comparable performance in
complex scenarios. The trade-off between temporal consistency and accurate activity representation
highlights the importance of context-aware adaptation in visual analytics systems. Future research
should focus on three key areas: optimization for complex scenes, integration of machine learning
approaches for kernel adaptation, and implementation of parallel processing techniques. First,
optimization strategies for complex scenes could enhance performance without sacrificing
adaptation quality. Second, the integration of machine learning approaches might enable more
intelligent kernel adaptation mechanisms. Finally, investigating parallel processing techniques
could help maintain real-time performance in high-density scenarios while preserving the benefits
of adaptive visualization.
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