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Abstract. RGB cameras, while widely used for human detection and 
pose estimation, face challenges in real-world applications due to sen-
sitivity to illumination changes, low-light conditions, and motion blur. 
Moreover, deploying state-of-the-art models is hindered by privacy con-
cerns and the high computational demands of RGB images, making them 
less suitable for real-time, resource-constrained environments. This paper 
investigates depth and event-based cameras as alternatives to RGB for 
human detection and pose estimation. These modalities offer advantages 
such as improved low-light performance and reduced privacy concerns. 
Event cameras, which capture pixel-level intensity changes at high tem-
poral resolution, minimize motion blur and consume significantly less 
power and memory than RGB c ameras, making them ideal for edge appli-
cations. We simulate depth and event-based data using the MS COCO 
dataset and retrain state-of-the-art models. Results show depth data 
performs similarly to RGB, while event-based data, though slightly less 
accurate, remains competitive. These findings highlight the potential of 
depth and event-based cameras for efficient, privacy-preserving human
detection and pose estimation in real-world applications.

Keywords: Human detection · Human Pose estimation · Event-based 
Cameras · Depth 

1 Introduction 

Human detection and pose estimation are critical computer vision tasks that 
enable technologies to understand and interact with the phy sical world. These 
tasks have diverse applications, including autonomous vehicles [26, 29]  and  
remote sensing systems [ 19, 31]. By observing human position, motion, and 
actions in the surroundings, these technologies enhance user awareness of their 
environment, improving overall user exp erience.

Over the past decade, deep learning-based models, particularly the YOLO 
(You Only Look Once) [22]  and  YOLO-Pose  [  14] families, have gained popularity 
for their speed and accuracy in real-time human detection and pose estimation. 
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However, state-of-the-art person detection and pose estimation models face 
significant challenges when deployed in real-world scenarios, such as lighting vari-
ations, complex backgrounds, occlusions, particularly on edge devices lik e smart 
eyewear [18]. Wearable devices are often subject to strong variations in light ing 
conditions, including low-light environments [ 13], which can hinder the effective-
ness of RGB-based models. Alternative data sources, including depth sensors 
and event-based cameras [6], present promising solutions to t hese challenges. 
Figure 1 provides a comparison of the RGB, depth, and event-based modali-
ties for the same scene. These modalities offer distinct advantages, including 
improved performance in low-light and complex background conditions, lower 
power consumption compared to RGB cameras, and a reduced risk of revealing 
sensitive visual details, making them more suitable for privacy persevering appli-
cations. However, research in this domain remains limited, with notable gaps in 
publicly av ailable datasets, optimized methodologies, and practical deployment
strategies.

Fig. 1. Visualization of the same scene from the COCO dataset [11] captured in three 
modalities: (a)(d) RGB provides a standard visual representation, (b)(e) depth encodes 
object distances from the camera, and (c)(f) the event-based mo dality detects bright-
ness changes over time, enhancing dynamic scene p erception.

This paper investigates how these unconventional modalities can achieve per-
formance comparable to RGB-based approaches for human detection and pose 
estimation, while offering additional benefits such as lower power consumption, 
robustness t o complex visual conditions and enhanced privacy. We used the large-
scale MS COCO object detection dataset [11] as our benchmark. To simulate 
the depth and event-based data modalities, we employed Depth Anything [ 30] 
and the Prophesee Metavision SDK [ 21], respectively. We then re-trained YOLO 
and YOLO-Pose 5 on various modalities of the COCO dataset, including RGB,
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depth, and event-based data, for the human detection and human pose estima-
tion tasks respectively. Results show that the performance of the depth-based 
modality is on-par with that of the traditional RGB modality, while the perfor-
mance of the event-based modality is slightly lower than RGB. However, event-
based c ameras still provided competitive results, all while offering the advan-
tages, such as robustness to illumination changes a nd complex backgrounds and 
lower p ower consumption.

The key contributions of this work are: 

– We simulated event-based and depth data from the RGB images in the MS 
COCO dataset and released it to the research community, facilitating further 
adv ancements in human detection and human pose e stimation with multiple 
modalities.

– We benchmarked YOLO / YOLO-Pose 5 human detection and pose estima-
tion algorithms across different image modalities, including RGB, depth, and 
event-based data using the MS COCO dataset.

– Our experiments demonstrated that re-trained YOLO and YOLO-Pose mod-
els perform well on depth and event-based data from the simulated MS COCO 
datasets, making them promising for future work in human detection and 
h uman pose e stimation tasks.

2 Related Works 

2.1 Human Detection and Pose Estimation 

Human Detection. Human detection has seen considerable advancements with 
various deep learning-based methodologies. Generally, these techniques can be 
categorized into two main approaches: region proposal-based t wo-stage methods 
and one-stage methods. Two-stage methods, such as R-CNN [7]  and  Faster  R  -
CNN [ 23], first generate region proposals and then classify them, getting high 
detection accuracy at the cost of increased computational complexit y. On the 
other hand, YOLO (You Only Look Once) [22] algorithm is a popular one-
stage detection framework that integrates region proposal and classification into 
a single step, prioritizing speed and s implicity. Other notable one-stage method 
include Single-Shot Refinement Neural Network (RefineDet) [34], which improves 
detection accuracy by refining predictions. Transformer-based a pproaches such 
as DETR [3] use self-attention for solving detection tasks in an end-to-end man-
ner, directly predicting bounding boxes by modelling relatinships be tween image 
regions without need for hand-crafted a nchors or region proposals.

Human Pose Estimation. Human pose estimation algorithms divide into 2D 
and 3D approaches. However, the limited computing resources of edge devices 
make 2D methods more suitable for edge devices. Among those, OpenPose [2] 
and HRNet [ 4] have established benchmarks in the field by using multistage 
architectures and high-resolution feature maps to predict human keypoints with
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high accuracy. YOLO-Pose [ 14] extends the capabilities of the YOLO object 
detection framework by integrating pose estimation into a unified architecture, 
enabling simultaneous detection a nd pose estimation.

In this paper, we use YOLO and YOLO-Pose due to their efficiency and 
adaptability, which make them well-suited for real-time applications and deploy-
ment on edge devices. Furthermore, we leverage these algorithms to explore the 
potential o f human detection and pose estimation on alternative data modalities 
beyond RGB, such as depth and ev ent-based data.

2.2 Event-Based Human Detection and Pose Estimation Tasks 

While conventional human detection is well-established in computer vision, 
event-based human detection remains in its early stages. It holds great promise 
for real-time applications due to the low latency and power efficiency of event 
cameras, but also poses new challenges due to the shift from frame-based to 
event-based data. Morever, due to the challenges in data collection and anno-
tation, the availability of annotated event-based datasets is significantly limited 
compared to other common modalities, limiting the research. PEDRo [1]  offers  
a large-scale event-based human detection dataset from mobile robots, which 
was collected from public spaces with different lighting and meteorological c on-
ditions. eTraM [28] provides a novel event-based dataset for traffic monitoring 
that includes human detection annotations. Besides the event-based modality, 
MMPedestron [ 35] provides multi-modal data sources (RGB, IR, Depth, and 
LiDAR) for pedestrian detection. All the above approaches explore event-based 
human detection by converting event streams into frame-like representations fol-
lowed by s tandard detection a lgorithms.

Recent works have adapted state-of-the-art pose estimation models for event-
based data.  EventHPE  [  36] is a two-stage deep learning framework for event-
based 3D human pose and shape estimation. The first FlowNet stage infers 
optical flow from events, while the second ShapeNet s tage estimates 3D shapes 
using both event data and flow. Yu et al. [32] proposed an adaptive vision trans-
former with adaptive patch sampling and adaptive token reduction, optimizing 
efficiency while maintaining accuracy. They also p rovided a large-scale event-
based human pose estimation dataset EventMM H PE.

While event-based human detection and pose estimation have typically been 
treated as separate tasks, we propose a unified framework that jointly tackles 
both, leveraging not only RGB, but also depth and event-based data for robust 
performance in diverse real-world scenarios. To support this effort, we introduce 
a large-scale dataset specifically designed to enable the joint study of event-based 
human detection and pose estimation. Unlike prior works that focus mainly on 
pedestrian detection in constrained or driving environments, our dataset cap-
tures a broad range of contexts, covering varied activities and settings.
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3 Event-Based Vision 
Event-Based Data. Unlike traditional cameras that capture frames at fixed 
intervals, event cameras asynchronously record brightness changes a t each pixel. 
Pixels in event cameras [6] operate independently and respond to variations in 
the continuous log-brightness function .L(u, t),  whe  re  .u = (xk, yk)T represents 
the spatial coordinates of a pixel, and . t denotes the timestamp at which the 
brightness change occurs. An event is represented as a tuple .ek = (xk, yk, tk, pk), 
where .(xk, yk) denotes the pixel location, .tk is the timestamp, and . pk ∈ {−1, 1}
represents the polarity of the brightness change (indicating increase or decrease). 
An event is triggered whenever the change in log-brightness at pixel . u =
(xk, yk)T exceeds a predefined threshold . C, given that a sufficient time inter-
val has elapsed since the last event at the same pixel. This is mathematically 
formulated a s:

.ΔL(u, tk) = L(u, tk) − L(u, tk − Δtk) ≥ pkC. (1) 

Thus, the output of an event-based camera consists of a continuous stream of 
events, represented as the sequence: 

.E = {(xk, yk, tk, pk) | tk ∈ τ}, (2) 
where . τ defines the time interval within which ev ents o ccur. 

Event-Based Representation. To generate a frame at a precise time . tk, 
events should be accumulated over a longer period of t ime (between the time 
.tk − Δtk and time . tk). Note that .Δtk is usually called accumulation time. To 
generate a frame with the accumulated events, for each event occurring between 
the time .tk−Δtk and time . tk, a white pixel is stored if the polarity of the event is 
positive, and a grey pixel if the polarity is negative. As it can be seen in Fig. 1 the 
background is set to black. This is the so-called event counts representation [ 15]. 
The resulting representation is an image of size .H × W . 

4 Methodology 

This work focuses on human detection and pose estimation from RGB, depth, 
and event-based images. In this section, we first define the tasks (Sect. 4.1)  and  
describe the dataset used (Sect. 4.2), followed by an overview of the pip eline and 
models (Sect. 4.3). This section also includes a description of our approach to 
simulate depth and event-based d ata, as well as the ev aluation metrics u sed.

4.1 Task Definition 

Human Detection. Human detection aims to identify and localize individ-
uals within a given input image. The model takes a two-dimensional image as 
input and predicts the regions containing humans by outputting bounding boxes 
defined by four coordinates .(xmin, ymin, xmax, ymax). Additionally, each detection 
is associated with a confidence score ranging from 0 to 1, indicating the likelihood 
of the detected region containing a person.



212 H. Quan et al.

Fig. 2. Starting from the MS COCO RGB dataset, we simulate depth data generated 
using Depth Anything, and event data with the Prophesee Metavision SDK [21]. We 
then use YOLO 5 and YOLO-Pose 5 for producing human detection and pose estima-
tion results across depth, RGB, and eve nt-based mo dalities.

Human Pose Estimation. Human pose estimation involves predicting the 
2D coordinates of 17 keypoints corresponding to human joints from images. 
Given an input image, the model estimates a predefined set of keypoints, such 
as shoulders, elbows, and knees, along with their respective confidence scores. 
The output consists of keypoint coordinates .(xi, yi) for each detected individual, 
typically visualized as a skeletal structure. 

4.2 Datasets 

We use the MS COCO dataset [ 11] as the baseline for our experiments. It includes 
118,287 training images, 5,000 validation images, and 40,670 test images, with 
a total of 164,957 images spanning 80 object categories. Each image contains 
multiple object instances, and for human-related tasks, the dataset provides 17 
keyp oint annotations per person, covering joints such as the head, shoulders, 
elbows, wrists, hips, knees, and ankles–enabling detailed pose estimation.

Building on this, we introduce depth-based and event-based versions of the 
dataset, empowering the community to explore h uman detection and pose esti-
mation using m ultiple mod alities.

4.3 Pipeline 

Overview. The complete pipeline of the methodology is shown in Fig. 2. Specif-
ically, starting from the original MS COCO RGB dataset, we introduced two 
simulated datasets: a MS COCO Depth dataset and a MS COCO Event-based 
dataset. These datasets enable a comprehensive evaluation of human detection 
and pose estimation under diverse visual inputs. We employ YOLO [22]  and  
YOLO-Pose [ 14] in all experiments, as they offer a unified framework for both 
human detection and pose estimation–making them well-suited for our joint task.
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We test these models across RGB, depth, and event-based modalities, demon-
strating the adaptability of our approach to different d ata mo dalities.

Model Description. You Only Look Once (YOLO) [ 22] is a real-time object 
detection algorithm that performs object localization and classification in a single 
forward pass of a deep neural network. Unlike region-based approaches, YOLO 
formulates detection as a regression problem, dividing the input image into an
.S×S grid, where each cell predicts . B bounding boxes, objectness scores, and class 
probabilities. The final detection is obtained by fi ltering predictions using non-
maximum suppression [17]. This one-stage detection framework enables high-
speed inference while maintaining competitive accuracy, m aking it suitable for 
applications. Given an input image . I, YOLO predicts a set of bounding bo xes 
. B,  where  each  bo  x  . bi is defined a s: 

. bi = (xi, yi, wi, hi, ci),

where .(xi, yi) represents the center coordinates, .(wi, hi) the width and h eight, 
and . ci the confidence s core 

YOLO-Pose [ 14] extends the YOLO detection framework to predict key-
points for human pose estimation. In addition to detecting objects, the model 
regresses multiple keypoint coordinates p er detected entity, enabling real-time 
multi-person pose estimation. Given an input image . I, YOLO Pose predicts a 
set of bounding boxes . B, where each detected entit y . bi is defined a s: 

. bi = (xi, yi, wi, hi, ci,Ki),

where .(xi, yi) represents the bounding box center coordinates, .(wi, hi) the width 
and height, .ci the confidence score, and . Ki = {(kx1, ky1), . . . , (kxN , kyN )}
represents the set of .N keypoints associated with the object. Each keypoint 
.kj = (kxj , kyj) corresponds to a specific b ody join t. 

Model Selection. The selection of the specific model versions was based 
on specific criteria: (1) implementation in plain PyTorch without proprietary 
dependencies, excluding YOLO 9–11 [27]; (2) consistency between YOLO and 
YOLO-Pose to streamline modifications, ruling out YOLO 6 due to the lack of 
a publicly released YOLO-Pose 6 [10]; and (3) community validation, favoring 
YOLO/YOLO-Pose 5, which was released at CVPR 2022 [14] and includes opti-
mized versions for edge devices. YOLO/YOLO-Pose 8 lacks similar validation. 
After evaluating available versions, YOLO/YOLO-Pose 5 was selected for its 
balance of precision, parameters, and model size, making it ideal for real-time 
human detection and pose estimation on edge devices.

Data Simulation. Since the original MS COCO dataset does not include 
depth or event-based modalities, we generated c orresponding versions by uti-
lizing Depth Anything [30] for depth simulation and the Prophesee library [ 21]
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for event-based modality. We make both datasets publicly available to the com-
munity, with the aim of supporting further research and dev elopment in human 
detection and pose estimation using non-RGB mo dalities.

Metrics. For human detection, we use mean Average Precision (mAP) 0.5–0.95 
as the evaluation metric. For human pose estimation, we also employed mean 
Average Precision (mAP) as the evaluation metric, but with a key difference 
in its computation. Instead of using bounding boxes, mAP for pose estimation 
is based on the alignment of predicted keypoints with ground truth keypoints, 
evaluated using the Object Keypoint Similarity (OKS) metric [16]. 

5 Experiments 

In this section, we describe the experiments conducted to evaluate the proposed 
methods. We begin with implementation details (Sect. 5.1), followed by results 
across depth, event-based, and RGB modalities on the MS COCO dataset [11] 
(Sect. 5.2). Finally, we present some qualitative results (Sect. 5.3). 

5.1 Implementation Details 

The hyperparameters used in the experiments are consistent with the original 
YOLO 5 and Yolo-Pose 5 settings on the COCO RGB modality. Specifically, 
the models were trained using a batch size of 16 and SGD optimizer [24]  with  a  
one-cycle learning rate policy [ 25], where the learning rate follows a c osine decay 
schedule [ 12]. The initial learning rate was set to 0.01, reaching a peak of 0 .002 
before gradually decreasing throughout the training pro cess.

All experiments were conducted using an NVIDIA RTX A6000 GPU. We 
used the models w ith best mAP during training for va lidation.

5.2 Results 

Depth. Table 1 presents the performance on the human detection task of the 
YOLO 5 s, YOLO 5 m, and YOLO 5l models on both RGB data and the sim-
ulated depth version of the MS COCO dataset, as described in Sect. 4.3.  For  
the COCO RGB dataset, the models achieved mAP scores of 66.22%, 69.15%, 
and 70.16%, respectively. When evaluated on the depth modality, the mAP 
scores across IoU thresholds from 0.5 to 0.95 were 64.3%, 66.28%, and 66.58%, 
respectively. Similarly, experiments on pose estimation task with YOLO-Pose 
5 s, YOLO-Pose 5 m, and YOLO-Pose 5l were conducted on the simulated depth 
COCO dataset. The mAP scores at IoU thresholds from 0.5 to 0.95 were 61.29%, 
62.1%, and 65.15%, compared to 63.44%, 67.06%, and 69.47% on the MS COCO 
RGB dataset for YOLO-Pose 5 s, YOLO-Pose 5 m, and YOLO-Pose 5l, respec-
tively. For the smaller model YOLO 5 s, the performance gap between RGB and 
depth is only around 2%. As the model size increases, the gap becomes slightly
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more pronounced. For example, in the case of YOLO 5l, the performance dif-
ference between RGB and depth increases to approximately 4%. These trends 
are consistent across YOLO-Pose models, with larger models also showing a 
slightly larger gap between modalities. These results indicate that while the per-
formance of YOLO and YOLO-Pose models on the depth mo dality of the MS 
COCO dataset is slightly lower than their performance on the RGB modality, the 
differences are minimal, indicating comparable effectiveness a cross modalities.

Table 1. mAP results of re-training and evaluating human detection YOLO 5 and 
human pose estimation YOLO-Pose 5 on different modalities of the COCO d ataset.

Model RGB (%) Depth (%) Event (%) 
Human Detection 

YOLO 5 s 66.22 64.30 44.45 
YOLO 5 m 69.15 66.28 47.90 
YOLO 5l 70.16 66.58 48.82 

Human Pose Estimation 
YOLO-Pose 5 s 63.44 61.29 43.03 
YOLO-Pose 5 m 67.06 62.10 47.30 
YOLO-Pose 5l 69.47 65.15 49.14 

Event. In Table 1 we also present results obtained on the simulated event-based 
data. We re-trained and evaluated YOLO 5 s, YOLO 5 m, and YOLO 5l on the 
simulated event-based MS COCO dataset, obtaining mAP scores 44.45%, 47.9%, 
and 48.82%, respectively. When compared to performance on the MS COCO 
RGB dataset, the models achieved mAP scores of 66.22%, 69.15%, and 70.16%, 
respectively. The mAP scores for YOLO-Pose 5 s, YOLO-Pose 5 m, and YOLO-
Pose 5l were 43.03%, 47.3%, and 49.14%, respectively, which were slight ly lower 
than the results on the RGB modality, where the scores were 63.44%, 67.06%, and 
69.47%, respectively. Notably, the event modality has historically lagged signifi-
cantly behind RGB in classification tasks. For instance, the recen t N-ImageNet
benchmark [9] reports an accuracy of 48.94% for the best-performing event-
based architecture, markedly lower than the . >90% accuracy achieved by RG B 
models [ 5, 8, 20, 33]. Our results indicate that, although YOLO and YOLO-Pose 
perform worse on event-based data compared to RGB data, the performance gap 
is not substantial. As demonstrated in the qualitative results in the next section, 
event-based data remains a competitive modality for human detection and pose
estimation tasks.
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5.3 Qualitative Results 

Fig. 3. Results from our re-trained YOLO 5 model for human detection (top row: a-c) 
and YOLO-Pose 5 for pose estimation (bottom row: d-f) on a MS COCO scene across 
RGB, depth, and event modalities. Red bounding boxes and scores show detected 
people. Blue boxes, green keypoints, and colored sk eletons visualize estimated poses. 
(Color figure online)

For these analyses, we used our re-trained YOLO 5 and YOLO-Pose 5 mod-
els, which achieved the highest mAP scores on the RGB, depth, and event-
based modalities of the MS COCO validation set (Sect. 5.2). These models were 
applied for human detection and pose estimation on the same MS COCO images 
represented in RGB (Fig. 3a, Fig. 3d), depth (Fig. 3b, Fig. 3e), and even t-based 
(Fig. 3c, Fig. 3f) formats. The results show strong performance in RGB for both 
tasks. In the depth modality, accuracy remains high with few people, but in 
crowded scenes, pose estimation detects more individuals (Fig. 3e) than the 
detection model (Fig. 3b). However, YOLO-Pose may misassign head joints when 
people are close together, as seen in the upper right of Fig. 3e, highlighting chal-
lenges in resolving closely positioned individuals. While Table 1 indicates that 
event-based data yields lower mAP than RGB and depth, qualitative results 
remain competitive, especially as crowd size increases (Fig. 3c, Fig. 3f). These 
findings support depth and event-based modalities as effective alternatives for 
human detection and pose estimation.
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6 Conclusion 

In this work, we explored the potential of various data modalities for human 
detection and pose estimation. Traditional RGB data struggles in challenging 
lighting and complex backgrounds, so we investigated alternatives like depth and 
event-based data. Our experiments showed that re-trained YOLO and YOLO-
Pose models perform well on non-RGB data modalities, including depth and 
event-based data, using the MS COCO dataset. We conclude that depth and 
event-based data can effectively handle ligh ting and background challenges, mak-
ing them viable alternatives to RGB for these tasks. 
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