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Abstract. This paper addresses the challenges in object 6D pose estimation caused 
by illumination changes, proposing an improved Gen6D method for robust 
operation under high dynamic ambient light conditions. Our approach first utilizes a 
convolutional neural network (CNN) for 2D object detection. A channel attention 
mechanism is then integrated to promote inter-channel information exchange and 
reduce noise, leading to more robust feature representations.  We employ a fast 

image-matching algorithm for initial pose estimation, followed by a 3D CNN to 

refine the pose. Experimental results on a challenging object pose dataset 
demonstrate that our approach achieves significantly improved accuracy and 
robustness under complex and high dynamic lighting conditions. 
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1 INTRODUCTION 

In recent years, the substantial reduction in the cost of ToF (Time of Flight) cameras, structured 
light cameras, and LiDAR has significantly advanced applications in autonomous driving [1-4], 

industrial robotics [5-8], and augmented reality [9-12].  Object 6D pose estimation is one of the 

key tasks to determine the orientation and location of an object in 3D space. The 6D pose of the 
object is a rigid transformation from the object coordinate system to the camera coordinate 
system, which can be described by the 3D translation vector T and rotation matrix R [13-15]. 
Traditional object pose estimation methods use geometric and feature-based approaches to 
determine object translation and rotation, relying on matching predefined features or shapes to 
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predict object 6D pose [16-23]. However, traditional methods rely heavily on hand-crafted feature 
extractors and algorithms, which may suffer from low robustness when faced with variations in 
object types and environmental conditions.  In recent years, deep learning-based 6D pose 
estimation models have made significant progress[24-26]. These models are able to learn features 

from large datasets, adapt to complex environments, and improve algorithm stability. However, 
the accuracy of deep learning-based 6D pose estimation models remain challenged by illumination 
variations and shadow effects under high dynamic ambient light conditions[27-30]. In response to 
this need, this paper proposes a robust algorithm based on Gen6D[31] for object 6D pose 
estimation in environments with high dynamic ambient illumination conditions. 

First, the feature extraction ability of traditional Gen6D is analyzed; then, we found that the 
traditional Gen6D model performs poorly under high dynamic ambient light conditions. To 

overcome the impact of illumination variations on 6D pose estimation caused by high dynamic 
ambient light, we introduce an enhanced Gen6D model designed to perform reliably under high 
dynamic ambient light conditions. Initially, a convolutional neural network (CNN) performs 2D 

object detection on the color map to identify the object’s position and scale. A channel attention 

mechanism is then added to improve inter-channel information exchange and reduce noise, 
resulting in more robust feature representations. Additionally, a fast image-matching algorithm 
estimates the object's approximate rotation by comparing image similarities from the validation 
and training sets. Finally, a 3D CNN refines the pose by analyzing discrepancies between the initial 
pose and the ground truth through residual regression. Experiments show that our proposed 
method effectively addresses the challenges of 6D pose estimation under high dynamic ambient 

light conditions. 

This paper begins by reviewing the related works on object pose estimation and attention 
mechanisms. Next, we provide a detailed introduction to our proposed method, VGG-ECA, 
highlighting the integration of the ECA (efficient channel attention) module within the VGG 
architecture to address the 6D pose estimation problem under high dynamic ambient light 
conditions. Finally, we present experimental results that demonstrate the effectiveness of our 
proposed method. This paper makes the following contributions: (1) We propose integrating an 

efficient channel attention (ECA) module into the Gen6D pipeline to enhance feature 
representation; (2) We developed a fast and effective image matching algorithm that improves 
robustness to varying lighting conditions; (3) We demonstrate, through extensive experiments, 
significant performance improvements on challenging datasets. 

2 RELATED WORKS 

2.1  Gen6D 

With the widespread application of deep learning technology, object 6D pose estimation based on 
deep learning has made great progress. For instance, Rad et al. [25] trained a large amount of 3D 
model data and adjusted relevant parameters more comprehensively, making pose estimation 
more robust and accurate. Therefore, rigid body pose estimation based on deep learning has 
gradually become a hot issue in the field of computer vision. Some scholars have carried out 

continuous research on the problem of rigid body pose estimation. Among them, Wang et al. 
proposed related instance-level rigid body pose estimation [32] and rigid body pose tracking [33]. 
Brachmann et al. [34, 35, 36] aim to provide a general pose estimation system and solve rigid 
body pose estimation problems based on random forests. The team considered the impact of input 
types in practical applications and changed the research direction from RGB-D-based, the rigid 

body pose estimate is converted into an RGB-based rigid body pose estimate. Hodan et al. [37] 
mainly studied the challenges faced by rigid body pose estimation, including the impact of rigid 

body weak texture and rigid body symmetry, and also proposed the T-LESS data set to solve weak 
texture rigid body pose estimation. Hu et al. [38,39] mainly study rigid body pose estimation 
methods based on key points, and take end-to-end implementation as the main direction of their 
research work. Pham et al. [40, 41] conducted research on the sub-task of rigid body pose 
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estimation, proposed a method for processing point cloud information in 2019, and proposed a 
method for obtaining 2D-3D corresponding information in 2020. Gen6D is a general model-free 6D 
pose estimator that does not require high-quality object models, additional depth maps, or object 
masks during testing, making it particularly suitable for rapid experimental analysis [31]. Gen6D 

consists of three main stages: the detector, the selector, and the refiner. The detector is 
responsible for identifying the object's local region and estimating its depth based on the size of 
this region (translation). The selector then provides a rough estimate of the object's perspective 
(rotation) by selecting the reference image most similar to the query image. Finally, the refiner 
takes these initial estimates of translation and rotation and refines them into precise values. 
However, experiments have shown that the Gen6D deep learning model performs poorly in pose 
estimation under high dynamic ambient light conditions. In such environments, key factors, 

including illumination variations, shadow effects, and color distortion, significantly impair the 
model's pose estimation performance. The research presented in this article serves as an 
extension of the Gen6D model, wherein we introduce an ECA module into the VGG architecture to 
enhance object pose estimation under challenging illumination conditions. This improvement allows 
the Gen6D model to more accurately estimate object poses in complex illumination scenarios. 

2.2 Attention Mechanism 

Attention mechanisms are currently widely utilized in various fields, including machine translation, 
speech recognition, image captioning, and image restoration [43].  Their popularity stems from 
the ability to enhance the model's discriminative power. For instance, in machine translation and 
speech recognition, attention mechanisms assign different weights to each word in a sentence, 
allowing neural network models to learn more flexibly. In other words, the attention mechanism 

enables the model to allocate varying weights to different parts of the input, facilitating the 
extraction of key information [44]. This capability allows for more accurate predictions without 
incurring additional computational overhead during model inference. 

More specifically, the attention mechanism works by dynamically adjusting the weights of 
different parts of the input, giving higher priority to the most critical information. This adaptability 
allows neural networks to better capture long-range dependencies and relationships within the 

data. For example, in machine translation, the model can attend to the words in a sentence that 
carry the most significant semantic meaning, regardless of their position within the sentence. 
Similarly, in speech recognition, attention mechanisms enable the system to focus on the most 
important phonemes or syllables, even if they are temporally distant from one another. This 
enhanced focus on relevant information leads to more precise predictions without introducing high 

additional computational costs during model inference. As a result, the attention mechanism 
provides a substantial improvement in both the performance and efficiency of neural network-

based models. 

The Efficient Channel Attention (ECA) module, a specialized technique building on attention 
mechanisms, improves the performance of deep neural networks in image processing tasks. By 
reweighting channels, ECA enables the model to prioritize the most informative features while 
suppressing irrelevant ones, which is crucial for handling complex visual inputs like images with 
fluctuating lighting, reflections, or shadows [45]. This capability allows the network to adaptively 
identify the most relevant channels, improving its ability to distinguish between essential and non-

essential data. ECA is particularly effective in dynamic environments where environmental 
conditions are unpredictable, such as in object pose estimation tasks where accurate orientation 
identification is critical. By focusing the model's attention on the most relevant features, ECA 

significantly enhances the performance of deep learning models, especially in challenging settings. 
Building on this, this paper integrates the ECA module into the VGG architecture of Gen6D, 
boosting its performance for object pose estimation under high dynamic ambient light conditions. 

Building on this foundation, this paper proposes the integration of the ECA module into the 
VGG architecture of Gen6D, significantly enhancing the performance of the Gen6D deep learning 
model in object pose estimation under high dynamic ambient light conditions. The motivation 
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behind this research is to address a critical challenge: existing methods for object pose estimation 
often falter under varying illumination conditions. This drives our investigation into utilizing ECA 
within the Gen6D framework. By doing so, we aim to provide a more robust solution that improves 
performance across different lighting conditions, thereby offering a significant enhancement to the 

accuracy and reliability of deep learning models in practical applications. 

3 METHODOLOGY 

3.1 Problem Statement 

Given an RGB image in a high-dynamic ambient light scene, the goal of this paper is to estimate 

the 6D pose of the object correctly. Since the 6D pose is estimated from the camera image, the 6D 

pose here refers to the 6D pose from the object coordinate system O  to the Rigid transformation 

of C  in the camera coordinate system. The 6D pose of the object can be expressed as a rigid 

transformation matrix (3)p SE . Specifically, the rigid transformation matrix p  of the 6D pose 

includes the 3D rotation matrix (3)R SO and the 3D transformation matrix 
3T R , 

 | p TR= , the rotation matrix R  is a 3*3 unit orthogonal matrix, which describes the direction 

of the object coordinate system relative to the camera coordinate system. The dimension of the 

translation matrix T  is 3*1, which describes the origin of the object in the camera coordinate 

system. Therefore, the dimension of the transformation matrix p  of the 6D pose is 3*4. Object 

6D pose estimation based on RGB images is known for its high real-time performance and broad 
applicability. Fully utilizing the color information in RGB images enables efficient feature extraction, 
making it suitable for dynamic applications such as robotics, augmented reality, and autonomous 
systems. Object 6D pose estimation from RGB images faces significant challenges, particularly 
under complex lighting conditions. Illumination changes, shadow effects, occlusion, and sensor 
noise can distort visual information, obscure key features, or alter object appearance, thereby 

reducing the robustness and accuracy of the estimation. 
High dynamic range environments exhibit substantial illumination variations, including stark 

contrasts between highlights and shadows. These changes in illumination can alter the appearance 
of the object in the image, thereby affecting the accuracy of pose estimation. In the transition 
areas between high light and shadow, shadow effects can alter the surface brightness and texture 
of the object, impacting the identification and localization of the object by the pose estimation 

algorithm. The goal of this article is to achieve efficient 6D object pose estimation under high 
dynamic ambient light conditions while addressing the challenges posed by illumination changes, 
shadow effects, and color distortion. 

3.2 Review of Gen6D 

The backbone of Gen6D is the VGG [46] network, which was proposed in 2014 and has gained 

significant attention in the field of computer vision due to its simple and efficient structure and 
exceptional performance. VGG employs a uniform 3x3 convolution kernel size and pooling layers, 
resulting in a deep network architecture capable of effectively extracting abstract features from 
images. Another notable aspect of the VGG network is its straightforward design, which stacks 
multiple convolutional and pooling layers to progressively extract high-level semantic information. 
This is achieved by continuously reducing the size of the feature map while increasing the number 

of channels. The extracted features are then mapped to category labels through fully connected 
layers to perform image classification tasks. The VGG network also utilizes the ReLU activation 
function after each convolutional and fully connected layer to introduce nonlinearity, enhancing the 
network's expressive power and model accuracy. 

Gen6D is primarily divided into three stages: the detector, the selector, and the refiner. The 
detector is responsible for identifying the object's local area and estimating its depth based on the 
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area size (translation). The selector obtains a rough perspective (rotation) by selecting the 
reference image most similar to the query image. Finally, the refiner updates the rough estimates 
of translations and rotations into precise values. 

However, despite the strength of this approach, Gen6D faces key challenges under dynamic 

lighting conditions. During image capture in environments with changing light sources, the 
reflections on the object surface can vary significantly, which impacts the accuracy of the depth 
and rotation estimates. The detector may struggle to consistently identify the object’s local area 
under such conditions, while the selector might select a reference image that doesn't accurately 
represent the query due to lighting inconsistencies. The refiner, although effective under stable 
conditions, may fail to fine-tune the estimates accurately in dynamic lighting, as it depends heavily 
on the initial rough estimates that are influenced by lighting variations. This makes it difficult to 

achieve high precision in real-world applications with fluctuating light environments. 
We evaluate the pose estimation performance of the Gen6D model by artificially creating high-
dynamic ambient light scenes and projecting light sources to induce uneven reflectivity on the 
surfaces of objects. Experiments demonstrate that Gen6D is ineffective in estimating the poses of 
objects with unevenly reflective surfaces, as shown in Figure 1. 
 

 
 

Figure 1: Gen6D yields insufficient pose estimation results under high dynamic ambient light 
conditions. Panels (a) to (d) illustrate the outcomes of Gen6D in such environments, highlighting 
the model's poor performance attributed to the challenges posed by these dynamic lighting 

conditions. 
 
Since Gen6D struggles with estimating object poses under high dynamic ambient light conditions, 
this article proposes targeted improvements to enhance the model's performance in these 

challenging scenarios. 

3.3 Improved Method 

Architecture: The ECA [47] module is integrated into the VGG backbone of Gen6D. ECA enhances 
the model's focus on local information within the input data, thereby improving local feature 

extraction and effectively mitigating the impact of high dynamic ambient light. The overall 
architecture of the improved model is illustrated in Figure 2. 
ECA: To enhance the feature modeling capabilities of the end-to-end learning network without 

increasing model complexity, this paper introduces the ECA module. This mechanism enables the 
network to dynamically adjust its attention to different feature channels in the object image, 
thereby minimizing the interference from redundant information. By focusing on the most relevant 
features, the ECA module improves the accuracy and robustness of pose estimation, particularly 

under high dynamic ambient light conditions. 
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Figure 2: An overview of our proposed method is presented, with the backbone being the VGG-ECA 
network. Our architecture comprises three main components: the object detection module 

(detector), the rotation estimation module (selector), and the pose refinement module (refiner). All 
three modules leverage the VGG-ECA backbone network. 
 
The ECA model is a computational framework based on the attention mechanism, which primarily 
utilizes attention to encode the input signal, ultimately producing an output with relevant semantic 
information. The implementation of the attention mechanism involves several key steps: 1. 

Perceiving and identifying the input information; 2. Screening and filtering the information to select 
task-relevant data; and 3. Processing and integrating the information to prioritize relevant data, 
thereby forming specific semantic information. 

The attention mechanism ECA is a type of channel attention. This algorithm is an improvement 
based on the SE [42] algorithm. Although the SE algorithm reduces the complexity of the model 
through fully connected dimensionality reduction, it disrupts the direct correspondence between 
weights and channels. By first reducing the dimension and then increasing it, the SE algorithm 

leads to an indirect correspondence between the weights and the channels. To address the 
shortcomings of the SE algorithm, the ECA algorithm proposes a one-dimensional convolution 
method to avoid the negative impact of dimensionality reduction on the data. The structure of the 
ECA algorithm is shown in Figure 3. 

The structure of the ECA algorithm primarily consists of the following three aspects: 
1) The feature map is compressed, transforming its size from (N, C, H, W) to (N, C, 1, 1) 

through global average pooling, thereby facilitating the fusion of global contextual information. This 

step aligns with the approach used in the SE algorithm. In this context, N represents the batch size, 

C denotes the number of channels, and H and W refer to the spatial height and width of the feature 
map, respectively. Specifically, in step 1) of the ECA module, global average pooling is applied 
across each channel to generate a channel descriptor of shape (N, C, 1, 1), preserving the number 
of channels while eliminating spatial dimensions to capture global contextual features. 
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Figure 3: The ECA module enhances useful features and suppresses irrelevant ones by adaptively 
weighting the features along the channel dimension, thereby improving the network's 
representation capability and generalization performance. 
 

2) Calculate the size of the adaptive convolution kernel, where C is the number of input 
channels, b=1, γ=2, and one-dimensional convolution is used to calculate the weight of the 

channel, and finally, the Sigmoid activation function is used to map the weight between (0-1). 

3) The reshaped weight values are multiplied by the original feature map (utilizing Python's 
broadcasting mechanism) to obtain feature maps with varying weights. 

VGG-ECA: This paper designs a novel convolutional neural network based on the Gen6D 
backbone VGG and the ECA module. By embedding the ECA channel attention mechanism into the 

relatively high-resolution layers of VGG, the network can better focus on both channel and spatial 
features while integrating all features of the image. This enhancement enables the network to 
effectively learn the geometric characteristics of the object. To illustrate the feature extraction 
capabilities of the VGG convolutional neural network after incorporating the ECA channel attention 
mechanism, we use the object "Cat" from the LineMOD dataset, as shown in Figure 4. 

 

 
 

Figure 4: The feature extraction results after embedding the ECA module into the VGG network are 
presented. Panels (a) to (e) illustrate the two-dimensional feature extraction outcomes of the VGG-
ECA network. 
 
Embedding the ECA algorithm into the VGG backbone of the deep learning model enhances the 
stability of object detection under high dynamic ambient light conditions. In the object detection 

stage, VGG serves as the backbone. By integrating the ECA attention mechanism into the network 
layers corresponding to image channels with 64, 128, and 256 filters, the VGG convolutional neural 
network demonstrates improved effectiveness in extracting features from unevenly reflective 
images with varying surface materials. This integration enhances the representation of important 
feature channels while suppressing channel noise. The improved VGG-ECA network structure is 
illustrated in Figure 5. 
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Figure 5: The architecture of VGG-ECA, which integrates the Efficient Channel Attention (ECA) 
module into the standard VGG network. After the convolutional layers extract spatial features, a 

global average pooling operation is applied to each channel, producing a compact feature 
descriptor. The ECA module then computes channel-wise attention weights using a lightweight 1D 
convolution, enabling the network to emphasize informative features without increasing model 
complexity. This process enhances the network’s ability to capture key features under challenging 

conditions such as high dynamic ambient lighting, thereby improving the accuracy of object 6D 
pose estimation. 
 
Compared to Gen6D, we have better performance in the stability of object detection in two-
dimensional images under high dynamic ambient light conditions. This paper decomposes the 
detection problem into two parts: locating the 2D projection of the object center q and estimating 
the compact square bounding box size Sq that surrounds the unit sphere, as shown in Figure 6. 

Applying depth estimation and object positioning in computer vision, by marking a compact 

bounding box in the image, which is the circumscribed rectangle of the object, the size of the 
circumscribed rectangle is the compact square bounding box size Sq, and then by changing the 
position of the camera, we can get different projection positions to calculate the depth of the object. 
The calculation formula for depth is d = 2 * λ * f / Sq, where λ is the wavelength of light, f is the 

virtual focal length, and Sq is the size of the compact bounding box. This projected position and the 
depth of the object can determine the center position of the object and provide initial translation 

information for the attitude of the object. 
 

 
 

Figure 6: Translation information calculation module. 
 
By incorporating the ECA into the VGG architecture, we create a VGG-ECA structure. The VGG-ECA 
network is employed to extract feature maps from both the query image and the reference images. 
These feature maps from all reference images serve as convolutional kernels, which are convolved 

with the feature map of the query image to produce a score map. 
To accommodate scale differences, this convolution is executed at Ns predefined scales by 

resizing the query image to various dimensions. Utilizing the multi-scale score map, this paper 
regresses a heat map and a scale map, subsequently selecting the position with the maximum 
value on the heat map as the 2D projection of the object's center. We use the scale values at the 
same location on the scale map to compute the bounding box size, Sq = Sr ∗ s, where Sr is the size 
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of the reference images. Leveraging the detected 2D projections and scales, we calculate the initial 
3D translations and extract the object regions for subsequent processing. 

4 EXPERIMENT 

Datasets: To verify the effectiveness of the proposed method, the model enhanced by ECA was 

evaluated using objects from the Gen6D dataset, which is known as GenMOP, a general model-free 
object pose dataset. The GenMOP dataset consists of 10 objects (as shown in Figure 7), with a 
range of shapes, from flat objects (such as "scissors") to structural items (such as "mobile phone 
chargers") [31]. To better highlight the experimental results of the deep learning model after 
incorporating ECA, we specifically selected objects with high-reflectivity surface materials, as these 

materials pose unique challenges in pose estimation due to their susceptibility to variations in 
ambient lighting, which can distort the object's surface appearance and affect pose accuracy. 

 

 
 

Figure 7: Objects in the GenMOP dataset. 
 
The dataset was collected under various illumination conditions to assess the model's robustness in 

real-world scenarios. Specifically, two video sequences of the same object were captured in 
different environments, each sequence containing approximately 200 images. For each sequence, 
we utilized COLMAP to separately reconstruct the camera poses, ensuring that both sequences 
were properly aligned. Additionally, key points on the objects were manually marked to facilitate 

cross-sequence alignment and ensure the accuracy of the evaluation. 
Metrics: The metrics used in this study, including Average Distance of Model Points (ADD) and 

Projection Error (Prj-5), are widely adopted in 6D pose estimation tasks due to their effectiveness 
in quantifying pose accuracy. ADD measures the mean distance between the predicted and ground-
truth points on the object, providing a direct assessment of pose estimation accuracy in 3D space. 
Prj-5 evaluates the alignment of the object's 2D projection on the image plane, ensuring that the 
estimated pose is visually consistent with the ground truth in camera view. 

These metrics were chosen because they capture different aspects of pose estimation 

performance, reflecting both spatial and visual alignment. In real-world applications, achieving a 
higher ADD value translates to improved spatial precision, which is critical for tasks such as robotic 
grasping or precise alignment in manufacturing systems. Similarly, a lower Prj-5 error ensures that 
the estimated pose aligns well with the visual input. By optimizing these metrics, the proposed 
method demonstrates its practical utility and robustness under diverse conditions. 

In calculating ADD, we consider a range of 10% of the object diameter (ADD-0.1d) and use the 
area under the curve (AUC) value from 0 to 10 cm (ADD-AUC) to measure recall. For the projection 
error, we analyze recall at a threshold of 5 pixels (Prj-5). The definition of ADD is as follows: 

* *1
|| ( ) ( ) ||

v

ADD Rv T R v T
m 

= + − +                               (4.1) 

where v represents the vertex of the object ϑ, R and T represent the predicted pose, and R* and T* 

are the true pose. Prj-5 is a metric used to evaluate the accuracy of pose estimation. It measures 
the error between the projected 2D representation of the estimated 3D model on the image plane 
and the true projection. The specific definition is as follows: 

|| ( , ) ( , ) ||est gtdi project Pi pose project Pi pose= −
                     (4.2) 
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Where project(Pi, pose) is a function that projects the 3D point Pi onto the 2D image plane 
according to a given pose. poseest is the estimated pose and posegt is the true pose. The value of 
Prj-5 is calculated by the following formula:  

_
5

_

successful samples
prj

total samples
− =

                                (4.3) 

A higher Prj-5 index signifies a more accurate pose estimation of the model under 2D projection, 

indicating superior performance of the algorithm. 
Network training: The experiments were conducted using the PyTorch deep learning framework, 

with a batch size of 8. The Adam optimizer was employed for weight updates, and the model was 
trained for a total of 3,500 epochs. The initial learning rate was set to 0.001 and was subsequently 

reduced in accordance with the number of training epochs. The hardware environment for the 
experiments included an Nvidia GeForce RTX 3070 GPU with 8 GB of VRAM, an Intel Core i7-
11800H processor, and 16 GB of RAM, the specific network training process is shown in Figure 8. 

 

 
 

Figure 8: Network training flow chart. 
 
Comparative experiment: This paper presents a object 6D pose estimation model built upon the 
Gen6D deep learning framework, integrating a convolutional neural network with a channel 
attention mechanism. The enhanced model continues to utilize Gen6D's official dataset, GenMOP, 
for training. By fine-tuning the loss weights, we aim to achieve optimal performance. To evaluate 
the effectiveness of this approach, RGB images were collected and assessed under high dynamic 
ambient light conditions. The RGB images mentioned here were separately collected and assessed 

under high dynamic ambient light conditions, distinct from the two sequences used for pose 

reconstruction with COLMAP. The experimental results are visualized as 3D bounding boxes, as 
illustrated in Figure 9. Part (a) shows the pose estimation results of the original Gen6D model 
under high dynamic ambient light, while part (b) displays the outcomes of the improved model 
incorporating the ECA. The results demonstrate that the inclusion of ECA significantly mitigates the 
adverse effects of high dynamic ambient light on object pose estimation. 
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Figure 9: Comparison of pose estimation results: (a) results from the original Gen6D model; (b) 
results from the proposed method. 
 
The experimental results in part (b) of Figure 9 demonstrate that the introduction of the ECA 
significantly mitigates the effects of high dynamic ambient light on object pose estimation. This 

enhancement improves the model's ability to filter key image information and detect important 
features, ultimately boosting pose estimation accuracy. In contrast, part (a) reveals that the 
original Gen6D model struggles to accurately estimate the poses of objects like plug_en, knife, 

miffy, and scissors. Affected by varying ambient light conditions, Gen6D only identifies weakly 
reflective areas, such as the plastic handles of the knife and scissors, while failing to detect metal 
parts due to high surface reflectivity. However, as illustrated in part (b), the improved model 
effectively captures the overall pose of the object under test, reducing the impact of challenging 

illumination conditions. In addition, strong light exposure in the upper left corner of the image for 
part (b) of the knife causes the side-viewed blade to appear black, resulting in the improved 
model's inability to detect the 6D pose of certain blade sections. 

For additional rigor, we employed a glass cup instead of a standard mug, further assessing 
model performance. Part (a) shows that the transparent and high reflective nature of the glass cup 
leads to failure in object detection by Gen6D. In contrast, part (b) indicates that the enhanced 

model successfully identifies and detects the pose of the glass cup. 
To reflect illumination variations in high dynamic ambient light scenes, we categorized 

illumination intensity into five levels, from dark to bright: L1, L2, L3, L4, and L5. The pose 
estimation effects under these five intensities are visualized in Figure 10, showcasing knife, 
scissors, cup, and miffy. Each group contains part (a), representing the pose detection outcomes of 
the original Gen6D model, and part (b), illustrating the results from the improved deep learning 
model. 
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Figure 10: Pose estimation results under five ambient light levels, from dark to bright: (a) results 
from the original Gen6D model; (b) results from the proposed method. 
 
The images in Figure 10 show a clear comparison between the original and improved models under 
varying illumination conditions. Part (a) shows the pose estimation results using the original Gen6D 

model, where the accuracy is significantly reduced for objects like the knife and scissors. These 
objects, with their metal components, suffer from poor pose estimation performance under both 
low (L1, L2) and high (L4, L5) light intensities. The reflective properties of metal surfaces cause 

inconsistencies in the pose detection, especially in low-light scenarios where the lack of sufficient 
detail leads to misalignments, and in high-light scenarios where reflections and glare distort the 
surface features. 

In contrast, part (b) demonstrates the improved model’s performance after integrating the ECA 

module. The enhancement is particularly evident with the cup, which is made of glass. Under both 
low and high light intensities, the improved model exhibits more accurate pose estimation, as the 
ECA module helps mitigate the effect of lighting variations on the reflective glass surface. This is a 
notable improvement over the original Gen6D model, where reflective surfaces were a significant 
challenge. However, some failure cases remain, such as in the low-light conditions (L1, L2) for the 
scissors. Even after model improvement, the reflective properties of the scissors' metal surface 

continue to cause misalignment in the pose estimation. 
Additionally, the pose estimation performance of our method is compared with that of the 

original deep learning model Gen6D using the official GenMOP dataset. Table 1 presents the 

comparative results, highlighting metrics such as ADD-0.1d and Prj-5. The experimental findings 
indicate that our method outperforms the original Gen6D model, demonstrating a notable 
improvement in overall average performance. 

 

 Method PlugCN Miffy Piggy Scissors TFormer Knife PlugEN Avg. 
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ADD-

0.1d 

Gen6D[31] 24.21  64.29 74.37 31.03 65.87 63.24 23.36 49.48 

Ours 26.89 64.83 76.89 32.34 67.04 65.89 26.46 51.48 

Prj-5 
Gen6D[31] 99.69 99.57 95.48 90.52 99.60 69.73 72.90 89.64 

Ours 99.91 99.79 97.10 93.97 99.95 77.21 75.63 91.94 

 
Table 1: Performance on the GenMOP dataset. 

 

To evaluate the efficiency of our proposed method, we compare its computation time with the 
original approach. All experiments were conducted on the following hardware and software 
environment: 

Hardware Configuration: Intel Core i7-11800H CPU, NVIDIA RTX 3070 GPU, 16GB RAM 

Operating System: Ubuntu 20.04 
Programming Language and Framework: Python 3.8, PyTorch 1.8.1, CUDA 11.1 
The comparison of inference time of network models is shown in Table 2. 

 

Model Inference Time (seconds) Time Increase (seconds) 

Original Model (VGG) 0.4965 - 
Modified Model (VGG-ECA) 0.5322 +0.0357 

 

Table 2: Inference time comparison of Network Models. 
 
The modified network with ECA modules resulted in an increase of 35.7 milliseconds (7.19%) in 

inference time compared to the original model. 

5 CONCLUSIONS 

This paper proposes a method for 6D object pose estimation under high dynamic ambient light 
conditions. The method integrates the ECA module into the feature extraction stage of Gen6D to 

address the challenges posed by varying light sources and their impact on the reflection of object 
surface materials during pose estimation. The official dataset GenMOP, used by Gen6D, serves as 
the foundation for training. After incorporating the ECA module, the deep learning model was 
retrained, and RGB camera images were collected for experimental evaluation. The results 
demonstrate that the deep learning model, enhanced with the ECA channel attention module, 
exhibits stable performance in estimating object poses under high dynamic ambient light 

conditions. 

Future work could focus on extending the proposed method to a broader range of objects and 
datasets to improve its generalization across different domains. Further investigation into other 
attention mechanisms, such as spatial attention or hybrid attention models, could also be explored 
to enhance pose estimation accuracy under complex lighting conditions. Additionally, incorporating 
real-time performance evaluation and testing the model in real-world industrial applications, such 
as robotic grasping or automated inspection, would be valuable to assess its practicality and 

robustness. Finally, addressing the limitations of the current method, such as its dependency on 
specific dataset characteristics or potential computational complexity, will be important in future 
research to improve scalability and efficiency. 
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