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1. Introduction 

This deliverable summarizes the core contributions of the paper “Low-Light Adaptation for Action 

Recognition-Enabled Robot Navigation” (see Annex A) and clarifies its role within the LEARNER project.  

Specifically, this work strengthens the social-awareness layer of the LEARNER middleware by 

improving the robot’s ability to (i) perceive human presence and actions reliably, (ii) interpret social 

context, and (iii) adjust its navigation behavior in real-time, even under low-light conditions such as 

emergency scenarios or night-time operations. 

2. Core Contributions of the Paper 

The paper introduces a data-centric pipeline that adapts state-of-the-art human pose estimation and 

action recognition frameworks to operate under low-illumination conditions: 

 Synthetic Low-Light Dataset Generation: 

A large-scale dataset was generated by transforming the COCO dataset into a low-light domain 

using CycleGAN-Turbo. This approach retains original geometric and pose annotations, 
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creating a paired dataset that simultaneously covers well-lit and dark scenarios without 

manual annotation. 

 Adaptation of Pose Estimation Model: 

AlphaPose was re-trained on this combined dataset, yielding a robust keypoint detector 

capable of maintaining accuracy in low signal-to-noise conditions. This directly mitigates 

perception failures common in darkness or smoke-filled environments. 

 Confidence-Based Keypoint Filtering: 

The system incorporates a keypoint confidence histogram-based filtering mechanism to 

discard unreliable detections, thus improving downstream action recognition accuracy. 

 Action Recognition Integration: 

The filtered skeleton keypoints are fed into MMAction2 for temporal action classification, 

enabling the robot to recognize human behaviors such as walking, running, bending, or falling 

with improved robustness in low-light conditions. 

Experimental results confirm statistically significant improvements in keypoint precision and action 

classification accuracy compared to models trained solely on well-lit datasets. 

3. Integration with LEARNER Middleware 

The work is directly aligned with WP2 objectives and complements Deliverables D2.2 and D2.3: 

 Enrichment of the Hybrid Map: 

The recognized human keypoints and action labels are projected onto the hybrid map’s 

semantic layer (D2.2), allowing the system to differentiate not only between humans and 

obstacles but also between static (standing) and dynamic (moving, running) agents. 

 Costmap Adaptation for Social-Aware PP: 

The action recognition output modifies the cost function used for PP. For example, humans 

identified as running or engaged in critical tasks may result in widened safety margins, while 

stationary humans may be navigated around with minimal detour. 

 Robustness under Adverse Conditions: 

The low-light adaptation ensures that these features remain operational in environments with 

reduced visibility, thus preserving both safety and mission continuity. 

This integration supports adaptive safety bounds, dynamic path replanning, and enhanced human-

robot interaction, as outlined in the LEARNER conceptual architectur. 

4. Conclusion 

This deliverable introduces a major advancement towards social-aware PP under challenging 

conditions. By shifting computationally heavy low-light adaptation to the training phase, the proposed 

approach ensures a lightweight inference pipeline, making it suitable for real-time deployment on the 

selected robotic platforms. 

The results of this work will be used to (i) enrich the hybrid map with social and action-awareness, (ii) 

improve PP behavior in human-centric scenarios, and (iii) form the basis for evaluating LEARNER’s 

performance in WP3 test cases. The full paper is provided in Appendix A for detailed methodology and 

experimental results. 

Appendix A 



Received:

Revised:

Accepted:

Published:

Citation: Anastasiou, M.; Bampis, L.

Low-Light Adaptation for Action

Recognition-Enabled Robot

Navigation. Robotics 2025, 1, 0.

https://doi.org/

Copyright: © 2025 by the authors.

Submitted to Robotics for possible open

access publication under the terms and

conditions of the Creative Commons

Attri- bution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Low-Light Adaptation for Action Recognition-Enabled Robot
Navigation
Marilena Anastasiou 1 * and Loukas Bampis 2

1 Department of Electrical and Computer Engineering, Democritus University of Thrace, 67100 Xanthi, Greece;
manastasi@ee.duth.gr

2 Department of Electrical and Computer Engineering, Democritus University of Thrace, 67100 Xanthi, Greece;
lbampis@ee.duth.gr

* Correspondence: manastasi@ee.duth.gr

Abstract: Effective Human-Robot Interaction (HRI) requires robots to accurately perceive 1

and understand human actions; yet, the performance of vision-based systems degrades 2

significantly in non-ideal, low-light environments. This limitation poses a critical challenge 3

for applications where a robotic agent needs to navigate close to human actors in darkness, 4

such as in emergency response scenarios. Existing solutions often rely on computationally 5

expensive real-time image enhancement or require large, manually annotated low-light 6

datasets, which are difficult to acquire. This paper proposes a novel and efficient data- 7

centric approach to overcome this challenge. Instead of enhancing images at inference 8

time, we shift the adaptation to the training phase. We introduce a synthetic low-light 9

dataset generated from the popular COCO collection, using the CycleGAN-Turbo model for 10

unsupervised image-to-image transformation. This synthetic dataset and the original one 11

are then fed to the state-of-the-art AlphaPose model for pose estimation. By specializing 12

the pose estimator for dark conditions, our method improves the 2D human keypoints 13

detection directly from low-light video feeds. These keypoints are then formatted and 14

passed to the MMAction2 framework for final action classification. We demonstrate through 15

extensive experiments, evaluated with confusion matrices and keypoint score analysis, 16

that our method improves action recognition accuracy in low-light scenarios compared 17

to the same model trained on standard datasets. Our findings present a practical and 18

effective pipeline for developing robust HRI systems, capable of navigating among humans 19

in challenging lighting conditions. 20

Keywords: action recognition; human-robot interaction; low-light conditions; pose estima- 21

tion; deep learning; synthetic data; autonomous navigation 22

1. Introduction 23

The extensive use of autonomous systems, particularly robots, in human-centric envi- 24

ronments such as homes, workplaces, and public spaces necessitates advanced perceptual 25

capabilities. For safe and intuitive Human-Robot Interaction (HRI), a robot must not only 26

navigate its environment but also understand human presence, intent, and actions. The abil- 27

ity to recognize human actions, from simple gestures to complex activities, is a cornerstone 28

of this understanding, enabling applications ranging from collaborative manufacturing [1] 29

and assistive healthcare [2], to search and rescue operations [3]. 30

While many action recognition models demonstrate impressive performance in ideal, 31

well-lit conditions, their accuracy deteriorates drastically when deployed in the real world. 32

Vision-based systems are particularly vulnerable to adverse lighting, such as dusk, night- 33

time, or poorly lit indoor areas. This performance gap is a significant barrier to the 34
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deployment of robots in 24/7 roles, including nighttime security surveillance [4], elder care 35

monitoring [5], or emergency response scenarios [6], where power outages are common. 36

Thus, extracting useful data from such inputs requires sophisticated cognitive systems that 37

are capable of adapting their understanding of the environment to specific operational 38

conditions. 39

Deep learning has become the standard approach for solving complex perception tasks, 40

with action recognition typically framed as a spatio-temporal classification problem. To 41

address the challenge of low-light conditions, two primary strategies have emerged in the 42

literature. The first involves applying image enhancement or restoration algorithms as a pre- 43

processing step before feeding the data to a standard action recognition model. However, 44

these methods can introduce artifacts and are often too computationally expensive for real- 45

time robotic applications [7]. A second strategy is to train models directly on large-scale, 46

annotated low-light datasets. The primary obstacle here is the immense difficulty and 47

cost associated with collecting and annotating such data, leading to a scarcity of suitable 48

training resources [8]. 49

To bridge this gap, this paper introduces a novel and efficient pipeline for low-light 50

action recognition tailored for robotic navigation. Our core contribution is a data-centric 51

adaptation strategy that improves the recognition results without the need for image 52

enhancement during deployment. We propose the creation of a large-scale, synthetic 53

low-light training dataset by transforming the existing COCO dataset [9]. Using this new 54

resource, we train the AlphaPose model [10], a state-of-the-art pose estimator, to specialize 55

in extracting accurate human skeleton keypoints directly from both well-lit and dark, 56

noisy images. The keypoints generated by our adapted AlphaPose model are processed 57

into the required format to serve as direct input for the action classification stage of the 58

MMAction2 framework [11], decoupling pose estimation from action recognition. This 59

approach concentrates the heavy computational work in the offline training phase, resulting 60

in a lightweight and effective inference pipeline. The main contributions of this work are: 61

• A novel methodology for automating the formulation of a large-scale, synthetic low- 62

light dataset with ground-truth annotations for training pose estimation models. 63

• The successful adaptation of the AlphaPose model for robust keypoint detection in 64

darkness, shifting the computational load from inference to training. 65

• An integrated pipeline connecting the adapted AlphaPose output to the MMAction2 66

framework by dynamically filtering weak keypoint detections. 67

The remainder of this paper is organized as follows. Section 2 reviews the related work 68

in action recognition and low-light adaptation. Section 3 details our proposed methodology, 69

while Section 4 presents the experimental setup and results. Finally, Section 5 concludes 70

the paper and discusses future work. 71

2. Related Work 72

This section reviews the foundational literature in human pose estimation and action 73

recognition. A broad overview of the field can be found in the comprehensive survey by 74

Kong and Fu [12]. However, emphasis is placed on the challenges and existing approaches 75

in low-light conditions. 76

Human Pose Estimation (HPE) is a cornerstone of human-centric robotics, aiming 77

to localize anatomical keypoints of the human body through the perception system of an 78

autonomous platform. Modern approaches are dominated by deep learning and can be 79

broadly categorized into top-down and bottom-up methods. Top-down approaches first 80

detect human bounding boxes in an image and then perform single-person pose estimation 81

within each box. This paradigm, employed by prominent models like AlphaPose [10], often 82

yields high accuracy. AlphaPose is a comprehensive system that performs whole-body 83
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(including face, hands, and feet) multi-person pose estimation and tracking in real-time. A 84

key architectural innovation in this area was the High-Resolution Network (HRNet) [13,14], 85

which maintains high-resolution representations throughout the network by connecting 86

multi-resolution subnetworks in parallel. This avoids the resolution loss and recovery 87

seen in typical encoder-decoder frameworks, allowing more precise keypoint heatmap 88

prediction. More recently, Vision Transformers have been successfully adapted for this task. 89

ViTPose [15] demonstrated that a plain Vision Transformer backbone can achieve state-of- 90

the-art results with a simple decoder, highlighting the power of transformer architectures 91

for learning rich feature representations for pose. Bottom-up approaches, conversely, 92

detect all keypoints in an image and then group them into individual human instances. 93

While these methods can be faster in crowded scenes, our work aligns with the top-down 94

paradigm due to its high accuracy on a per-person basis, which is critical for reliable action 95

recognition and HRI tasks [16]. 96

As models have grown in complexity, there has been a push towards more efficient and 97

lightweight architectures. Lite-HRNet [17] and the subsequent Dite-HRNet [18] focused on 98

creating efficient high-resolution networks for resource-constrained environments. Lite- 99

HRNet replaced costly convolutions in HRNet with more efficient shuffle blocks, while 100

Dite-HRNet introduced dynamic, input-dependent components to further optimize the 101

trade-off between performance and complexity. 102

Once human poses are estimated, the resulting skeleton data provides a powerful 103

and efficient representation for action recognition. This approach is robust to variations 104

in appearance, background, and lighting. Early deep learning models for skeleton-based 105

action recognition utilized Recurrent Neural Networks (RNNs) to model the temporal 106

evolution of joints. However, recent advancements tend to architectures that can better 107

capture the spatio-temporal structure of the skeleton. The Spatial Temporal Graph Convolu- 108

tional Network (ST-GCN) [19] was a pioneering work that modeled the skeleton as a graph, 109

where joints are nodes and natural bone connections are edges. By applying convolutions 110

over both spatial and temporal dimensions, ST-GCN can effectively learn the complex 111

dynamics of human actions. Another dominant approach involves processing video frames 112

directly. SlowFast Networks [20] proposed a dual-pathway architecture: a "Slow" pathway 113

operating at a low frame rate to capture spatial semantics, and a lightweight "Fast" pathway 114

at a high frame rate to capture fine-grained motion. This design efficiently models both 115

spatial and temporal aspects of an action. The MMAction2 toolbox [11] is a comprehensive, 116

open-source toolkit that implements a wide variety of state-of-the-art action recognition 117

models, providing a flexible platform for rapid development and evaluation. 118

Given the strong relationship between pose and action, some research has explored 119

multi-task frameworks that handle both tasks simultaneously. Luvizon et al. [21] proposed 120

a single, end-to-end trainable architecture for real-time 3D pose estimation and action 121

recognition. By using a differentiable soft-argmax layer to regress joint coordinates from 122

heatmaps, their model can backpropagate the action recognition loss through the entire 123

network. In this manner, the two tasks can benefit from shared representations and joint 124

optimization, demonstrating that their unification can lead to efficient and effective models. 125

The performance of standard vision-based models degrades significantly in low- 126

light or nighttime conditions due to a low signal-to-noise ratio (SNR), motion blur, and 127

a lack of visual detail. Addressing this challenge has become an active area of research, 128

resulting in the development of several specialized datasets. For pose estimation, the 129

ExLPose dataset [22] proposed a specifically designed camera system capable of capturing 130

aligned, well-lit, and poorly exposed images to simulate dark environments. However, 131

this approach is tailored to the development and explicit usage of custom equipment that 132

cannot always be available. Furthermore, XPose [23] introduced a novel data collection 133
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of well-lit and low-light images specifically focusing on hand’s poses. To address solely 134

the action recognition task, the ARID dataset [24] was one of the first to focus on action 135

recognition in dark videos, highlighting the importance of real-world recordings with 136

distinct characteristics that cannot be fully replicated by synthetically darkening well-lit 137

videos. The ELLAR dataset [25] further pushed the boundary by providing videos in 138

“extremely low light” conditions. Hira et al. [26] proposed the Delta Sampling R-BERT 139

model, specifically tackling the challenges of limited and low-light data in the ARID 140

dataset by introducing a novel frame selection strategy and leveraging transfer learning. 141

Nevertheless, the above action recognition datasets are not tailored to robotic applications 142

due to the lack of pose estimation labels. 143

3. Methodology 144

This section details our proposed pipeline for robust human action recognition in 145

low-light conditions, designed for deployment on an autonomous robotic platform. Our 146

approach is centered on a data-centric adaptation strategy, which shifts the computational 147

burden of low-light processing from online inference to the offline training phase. The 148

pipeline, illustrated in Fig. 1, consists of three main stages: (i) synthesizing a large-scale pose 149

estimation dataset through low-light adaptation, (ii) training a specialized pose estimator 150

on this synthetic data, (iii) filtering noisy keypoint detections, and (iv) integrating the 151

robust pose output with a state-of-the-art action recognition framework. 152

Figure 1. A high-level block diagram illustrating the complete proposed pipeline. The original
labeled data are synthetically augmented to synthesize an artificial low-light dataset. Using both the
original and the augmented data, a pose estimation architecture is trained. The detection results are
then filtered to reduce noisy keyponts, and the remaining set is fed to a pretrained action recognition
model.

3.1. Low-Light Adaptation 153

The foundation of our method is the creation of a specialized training dataset that 154

enables a pose estimation model to learn features robust to low-light conditions. Instead 155

of relying on real-world low-light data, which are scarce and difficult to annotate, we 156

synthetically generate them. Our method requires an input set of image samples Il recorded 157

under well-lit conditions. Those samples should contain humans and the corresponding 158

ground-truth labels of their joint poses Pl , spanning a wide range of possible stances. 159

To create a low-light counterpart to Il , we employ CycleGAN-Turbo [27], a highly 160

efficient, unsupervised image-to-image translation model, based on CycleGAN [28] and the 161

Stable Diffusion Turbo (SD-Turbo) architecture [29]. We utilized a pre-trained version of the 162

model specialized for day-to-night conversion, which was trained using unpaired image 163

collections and adapted for a single-step translation process. This approach eliminates 164

the need for iterative denoising steps, which is common in other diffusion models. By 165
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applying the pre-trained day-to-night CycleGAN-Turbo generator to every image in Il , 166

we produced a visually plausible, low-light adaptation dataset, which we refer to as Id. A 167

critical advantage of this approach is that the geometric content and human poses within 168

the images remain identical to their daytime counterparts. Therefore, the ground-truth pose 169

annotations Pl are directly transferable to their dark equivalents (Pd) without any manual 170

effort. We then combined the original and synthetic datasets to create a comprehensive 171

training set, Ild = Il ∪ Id and its ground-truth Pld = Pl ∪ Pd, to expose our pose estimation 172

model to a wide variety of lighting conditions. 173

(a) Original COCO Image (b) Synthetic Low-Light Version

Figure 2. Example showing (a) an original image from the COCO dataset [9] and (b) its corresponding
synthetically generated low-light version using our CycleGAN-Turbo-based [27] approach.

3.2. Robust Pose Estimation 174

With the training data prepared, the next stage is to train the human pose estimation 175

model. We selected AlphaPose [10] as our pose estimation backbone. AlphaPose is a 176

state-of-the-art, real-time, multi-person pose estimation and tracking system that follows 177

a top-down paradigm, making it highly suitable for HRI, where per-person accuracy is 178

critical. The pipeline begins by using an off-the-shelf person detector, such as YOLOv3 [30], 179

to locate human bounding boxes. These cropped regions are then fed into a Single-Person 180

Pose Estimator (SPPE) for keypoint regression. 181

The training objective is centered on the Symmetric Integral Keypoint Regression 182

(SIKR) method. This approach calculates a direct regression loss based on the final predicted 183

coordinates. The predicted keypoint coordinate (µ̂) is computed by taking the mathematical 184

expectation over a normalized probability heatmap (px). This is also known as a soft-argmax 185

operation: 186

µ̂ = ∑
x

x · px (1)

The training loss is then the L1 norm between the predicted coordinate µ̂ and the ground- 187

truth coordinate µ: 188

Lreg = ∥µ − µ̂∥1 (2)

Following the implementation in [10], a two-step process is used to obtain the normalized 189

probability heatmap px from the raw network logits zx; thus, decoupling confidence 190

prediction from localization: 191
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Figure 3. Histogram of keypoint confidence scores, aggregated from 2,973,623 detections across 2,630
videos. The distribution is clearly bimodal, confirming the presence of two underlying populations: a
smaller mode of low-confidence, likely imprecise detections (scores < 0.3) and a dominant mode of
high-confidence, reliable detections (scores > 0.7).

1. Generate Confidence Heatmap (C): An element-wise sigmoid function is applied 192

to the logits zx to produce a confidence value cx for each pixel. The joint’s overall 193

confidence is the maximum value in this map. 194

cx = sigmoid(zx) and conf = max
x

(C) (3)

2. Generate Probability Heatmap (P): The confidence heatmap C is then globally nor- 195

malized by its sum to produce the final probability heatmap x, which is used in the 196

integral regression. 197

px =
cx

∑x cx
(4)

For our implementation, we utilize the version of AlphaPose built upon a ResNet-50 198

backbone. To evaluate the effectiveness of our data-centric strategy, we trained two separate 199

instances of the above model. The Baseline Model (Mb) was trained exclusively on the 200

original well-lit images Il using the Pl labels, and it represents the standard performance 201

of a pose estimation model without the inclusion of our proposal low-light adaptation. 202

Furthermore, the Adapted Model (Ma) corresponds to our proposed model, which was 203

trained on the combined dataset Ild. The objective is for this model to learn features that 204

are invariant to lighting conditions, enabling it to perform robustly on both bright and dark 205

inputs. Both models were trained until convergence using the standard loss functions and 206

optimization parameters specified in the official AlphaPose implementation. 207

3.3. Filtering Noisy Keypoints 208

The confidence scores produced by AlphaPose are critical indicators of keypoint 209

quality. In low-light conditions, many keypoints may be detected with low confidence, 210

introducing noise into the action recognition stage. To mitigate this, we developed a 211

systematic process to find an optimal threshold for filtering out unreliable keypoints. Such 212

a threshold should be tailored to the specific environmental conditions and characteristics 213
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of each targeted use case. Therefore, we implement an approach for dynamically computing 214

the filtering threshold based on the detections’ statistics. 215

First, we analyze the distribution of all keypoint confidence scores generated by the 216

detection model. The distribution of such a set follows the bimodal model since there are 217

two underlying populations of scores: one corresponding to correctly localized keypoints 218

and another to noisy, low-confidence detections. An instance of such a distribution, plotted 219

as a histogram, is shown in Fig. 3. We evaluate three distinct statistical methods to separate 220

these two populations: 221

• Gaussian Mixture Model (GMM): We model the score distribution p(s) as a mixture 222

of two Gaussian distributions: 223

p(s) = π1N (s|µ1, σ2
1 ) + π2N (s|µ2, σ2

2 ). (5)

The threshold TGMM is then calculated as the midpoint between the means (µ1, µ2) of 224

the two fitted components: 225

TGMM =
µ1 + µ2

2
. (6)

• Weibull Mixture Model (WMM): This method represents the score distribution using 226

a two-component Weibull mixture. The threshold TWMM is determined by finding the 227

intersection point of the two weighted Probability Density Functions (PDFs), which is 228

solved numerically using: 229

TWMM = arg min
s∈[0,1]

|p1 · f1(s; α1, β1)− (1 − p1) · f2(s; α2, β2)|, (7)

where fk(s; αk, βk) is the Weibull PDF for component k and p1 is its mixture proportion. 230

• Otsu’s Method: Borrowed from image processing, this method finds a threshold TOtsu 231

that maximizes the inter-class variance σ2
B(t) between the two groups of scores it 232

separates: 233

TOtsu = arg max
t

σ2
B(t), (8)

where the inter-class variance σ2
B(t) = ω1(t)ω2(t)[µ1(t)− µ2(t)]2 is a function of the 234

class probabilities (ωk) and class means (µk) determined by the threshold t. 235

3.4. Integrated Action Recognition 236

The final stage of our pipeline is to classify human actions based on the skeleton 237

sequences generated by our trained pose estimators. We utilize the MMAction2 [11] 238

open-source toolbox, a comprehensive and modular framework for video understanding. 239

Within this framework, we chose the Spatial-Temporal Graph Convolutional Network 240

(ST-GCN) [19] for skeleton-based action recognition. ST-GCN models the human skeleton 241

as a graph, where joints are nodes and bones are edges, and applies convolutions across 242

both spatial and temporal dimensions to effectively learn action dynamics. This approach 243

is computationally efficient and robust to variations in camera viewpoint and subject 244

appearance. 245

A core contribution of our work is the decoupling of pose estimation from the action 246

recognition framework. We bypass the integrated human detection and pose estimation 247

modules within MMAction2 and instead feed it the keypoints produced from our externally 248

trained AlphaPose models. This required the development of a custom data processing 249

script to bridge the two frameworks, addressing incompatibilities in both data structure 250

and coordinate systems. 251
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To achieve this, we developed a custom script to bridge AlphaPose’s output per frame 252

(bounding boxes, keypoint coordinates (xi, yi), and confidence scores) with the ST-GCN ac- 253

tion recognition framework, adapting the confidence scores (ci) to also serve as the required 254

keypoint visibility data. ST-GCN requires all the above information, plus the keypoints’ 255

visibility, which AlphaPose does not provide. Following a standard approach [11] we adopt 256

the keypoint scores for this input, as well. As a final note, the input frames are also scaled 257

before being processed by the ST-GCN network, such that the shorter dimension matches 258

the target length. The same scaling is performed on the keypoints coordinates to ensure 259

proper alignment. 260

4. Experimental 261

This section details the experimental protocol used to validate our proposed pipeline. 262

We first describe the datasets and implementation details. Next, we evaluate the selection 263

of an optimal keypoint filtering threshold. We finally provide a direct comparative analysis 264

of the end-to-end action recognition performance in low-light conditions. 265

4.1. Datasets and Evaluation Metrics 266

Our experimental setup leverages three distinct datasets. We made use of the COCO 267

dataset [9] for training the pose estimation models. Specifically, we utilized both the 268

train2017 part, which contains over 118,000 images with rich annotations for 17 keypoints 269

per person and the val2017 part, which contains over 5,000 images also with annotations. 270

For the final action recognition evaluation, we used the ARID (Action Recognition in the 271

Dark) dataset [24], which is specifically designed for low-light scenarios and serves as our 272

primary testing ground. The action recognition model, ST-GCN, was pre-trained on the 273

NTU-RGB+D 60 dataset [31]. To create a consistent evaluation framework, we identified 274

the common action classes shared between the ARID and NTU-60 datasets, viz: i) “jump”, 275

ii) “drink”, iii) “pickup”, iv) “sit down”, and v) “stand up”. 276

To quantify performance, we employed two primary metrics. Overall accuracy was 277

used to measure the percentage of correctly classified actions across the entire test set. 278

Additionally, we generated a confusion matrix to provide a more granular, class-by-class 279

analysis, revealing specific strengths and weaknesses of each approach. 280

4.2. Training and Hyperparameter Tuning 281

For our experiments, we trained two pose estimation models to directly compare 282

the proposed low-light adaptation technique to the original model. Both models were 283

trained using the official AlphaPose implementation with a ResNet-50 backbone on a single 284

NVIDIA GeForce RTX 4070 GPU, using a batch size of 76. The Baseline Model (Mb), was 285

trained for 120 epochs on the original COCO dataset, while the Adapted Model (Ma) was 286

trained for 240 epochs on our combined dataset of original and synthetic low-light images. 287

An initial learning rate of 10−4 was used with the Adam optimizer, decaying by a factor of 288

0.1 at epochs 90 and 120. The total training time for the Ma model was approximately 91 289

hours, while the Mb model was trained for 23 hours. 290

4.3. Optimal Keypoint Threshold Selection 291

As described in Section 3.3, filtering low confidence keypoints is critical for robust 292

action recognition. To determine the optimal filtering threshold for both the baseline and 293

our adapted model, we performed a preliminary evaluation on a validation subset of the 294

ARID dataset. We generated candidate thresholds using the GMM, WMM, and Otsu’s 295

method and evaluated the downstream action recognition accuracy for each. The results 296

are summarized in Table 1, showing that for both models the Otsu’s method provided the 297

threshold that yielded the highest accuracy. 298
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Table 1. Action recognition accuracy on the ARID [24] validation set for different keypoint confidence
thresholding methods. The highest accuracy for each model is shown in bold.

Model Threshold Method Threshold Value ARID Accuracy

Mb

Otsu 0.507 42.63%
GMM 0.514 42.28%
WMM 0.528 41.62%

Ma

Otsu 0.507 44.05%
GMM 0.521 43.59%
WMM 0.532 42.63%

4.4. Action Recognition Performance 299

For the final evaluation, we compared the end-to-end action recognition performance 300

of the two optimized pipelines on the ARID test set. The pipeline using our Ma pose 301

estimator achieved an overall accuracy of 44.05%, an absolute improvement of 1.42% over 302

the baseline pipeline accuracy of 42.63%. 303

(a) Baseline Model (Mb) (b) Adapted Model (Ma)

Figure 4. Confusion matrices for action recognition on the ARID test set [24]. (a) Results from the
baseline pipeline. (b) Results from our proposed adapted pipeline. The diagonal shows higher values
for our method, indicating improved accuracy across most classes.

The confusion matrices in Fig. 4 provide a detailed class-by-class breakdown of per- 304

formance. A detailed analysis of the confusion matrix for Mb (Fig. 4(a)) reveals that it 305

frequently misclassifies actions involving rapid motion. For example, the action “jump 306

up” was misclassified as “standing up” in 32% of its instances. This is likely due to motion 307

blur causing the baseline pose estimator to fail. Our adapted model’s confusion matrix 308

(Fig. 4(b)) shows a marked improvement in this area, reducing the misclassification rate for 309

“pickup” to just to 28%. This indicates that by training on synthetic low-light data, the pose 310

estimator learns to generate robust poses even from visually degraded inputs, leading to a 311

more accurate and reliable action recognition system. 312

5. Conclusions 313

This paper presented a data-centric pipeline for robust human action recognition in 314

low-lighting environments, designed for HRI applications. By synthetically generating 315

a large-scale low-light dataset and training a specialized pose estimator, we successfully 316

shifted the computational burden of low-light adaptation from inference to an offline 317

training phase. Our experiments on the ARID dataset demonstrate that this approach 318

improves the accuracy of action recognition compared to a baseline model trained only on 319
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well-lit data. The proposed method offers a practical and efficient solution for developing 320

robots capable of safely and effectively navigating among humans in challenging lighting 321

conditions. Future work will explore more advanced image-to-image translation models 322

and the integration of temporal information directly into the pose estimation stage. 323
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