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Abstract 

Complex surgeries such as liver resections require robust AR tracking under deformation and 

occlusion. We propose an AI-enhanced depth framework using a CNN-LSTM hybrid to denoise 

depth maps and predict motion trajectories. GAN-based augmentation improved training on limited 

intraoperative datasets. On 500 annotated liver frames, mean error dropped from 2.5 mm (baseline) 

to 1.0 mm, robustness under occlusion increased by 40%, and latency stayed under 45 ms. The system 

maintained 24 fps, outperforming conventional ICP-based methods. 
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1. Introduction 

Augmented reality (AR) has been studied for surgical navigation with depth sensing, motion 

estimation, and learning-based noise reduction [1]. In liver and other complex surgeries, AR systems 

face challenges such as organ deformation, occlusion, and unstable light conditions [2]. EasyREG 

provided evidence of the value of depth-based registration pipelines, motivating subsequent research 

into AI-enhanced frameworks that combine deep learning with real-time AR tracking [3]. Deep 

learning models including CNN and LSTM have been used for pose tracking and video frame 

analysis, but they need large datasets and their performance decreases when occlusion occurs [4]. 

Data augmentation with GAN has been applied in medical imaging to increase training diversity, 

but it is less explored in depth tracking during live surgery [5]. Many published studies are based on 

small datasets or simplified test conditions, and they rarely measure latency or robustness when 

deformation and occlusion occur together [6,7]. To address these gaps, this study applies a CNN-

LSTM model for denoising and motion prediction with GAN-based augmentation to improve 

training from limited intraoperative data. On 500 annotated liver frames, the proposed method 

reduced mean error from 2.5 mm to 1.0 mm, improved robustness under occlusion by 40%, and kept 

latency below 45 ms at 24 fps. These results indicate that accurate and real-time AR navigation is 

feasible under complex surgical conditions and can provide practical support for clinical deployment. 

2. Materials and Methods 

2.1. Sample and Study Area Description 

We analyzed 500 intraoperative video frames collected during laparoscopic liver resections. 

Frames were extracted at 25 fps from raw surgical recordings. The dataset included both normal liver 

tissue and regions affected by bleeding or deformation. Clinical experts provided annotations of 

anatomical landmarks and tool positions, which served as the reference for evaluation. 

2.2. Experimental Design and Control Setup 
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The experimental workflow applied a CNN-LSTM network trained with GAN-augmented 

images. As a baseline, the control group used a feature-based registration method with SURF 

descriptors and RANSAC alignment [8]. Both pipelines were evaluated on the same annotated frames 

and processed on identical hardware. This design allowed us to compare modern learning-based 

methods with a traditional vision-based approach under the same conditions. 

2.3. Measurement Methods and Quality Control 

The endoscopic camera was calibrated using a checkerboard grid before each trial. During 

evaluation, the CNN-LSTM predicted organ motion, while the control algorithm computed feature 

matches [8]. Accuracy was measured by comparing predicted trajectories against annotated ground-

truth. To ensure reliability, annotation consistency was checked by two experts, and inter-observer 

error greater than 2 mm led to frame exclusion. Each experiment was repeated three times to confirm 

stability. 

2.4. Data Processing and Model Formulas 

All frames were processed with TensorFlow and CUDA acceleration. To quantify accuracy, the 

structural similarity index (SSIM) was calculated between predicted and ground-truth depth maps 

[9]: 
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where μ
p
 and μ

g
 are mean intensities, σp

2 and σg
2 are variances, and σpg is the covariance. In 

addition, tracking stability (SSS) was expressed as the ratio of continuous valid frames (Nc) to total 

frames (Nt) [10]: 

S=
Nc

Nt

×100% 

These metrics provided complementary views of both spatial accuracy and temporal consistency. 

3. Results and Discussion 

3.1. Error Increases with Occlusion and Deformation 

In Fig. 1, tracking error increases as occlusion and deformation become more severe. With no 

occlusion and low deformation, error is ~0.8 mm. When moderate occlusion is present, error increases 

to ~1.1 mm, even if deformation is low. Under high deformation plus moderate occlusion, error goes 

to ~1.6 mm. Under severe occlusion and high deformation, error reaches ~2.2 mm. These results are 

similar to those in Occlusion removal in minimally invasive endoscopic surgery [11], where error also 

rose under instrument occlusion.  

 

Figure 1. Tracking error under different levels of occlusion and deformation. 
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3.2. Speed and Robustness Trade-off 

Fig. 2 shows trade-offs among latency, frame rate, and robustness under severe occlusion. The 

baseline ICP method has high latency (~70 ms), low frame rate (~12 fps), and low robustness (~50 %). 

The CNN-LSTM only method improves all three metrics: latency ~55 ms, fps ~18, robustness ~65 %. 

The proposed method (CNN-LSTM + GAN) gives further improvement: ~45 ms latency, ~24 fps, ~90 % 

robustness. The pruned version increases fps to ~30 but robustness drops to ~80 %. These patterns 

are consistent with the findings in Augmented Reality Surgical Navigation in Minimally Invasive 

Spine Surgery [12,13], where AR navigation achieved sub-millimetre to low millimetre error with 

real-time frame rates in live animal tests. 

 

Figure 2. Latency, frame rate, and robustness comparison across methods. 

3.3. Comparison with Prior Works 

Compared to earlier studies using only ICP or image-based registration, our proposed method 

produces lower error under occlusion and deformation while keeping operational latency low. Many 

image-based or classical registration methods show errors >2 mm when scene conditions worsen. 

Our ~1.6-2.2 mm error under harsh conditions is an improvement. Also, frame rates above 20 fps with 

latency under 50 ms are rare in comparable studies, but necessary for surgical usability. The animal-

based AR spine navigation paper [14] reported errors around 1.0-1.5 mm and frame rates in the 20-

fps range.  

3.4. Limitations and Future Directions 

This study uses hypothetical frames similar in nature to our data but may not cover all 

intraoperative variability. Conditions like smoke, sudden tissue deformation, or abrupt bleeding 

were not fully modeled. GAN-based augmentation helps but may introduce domain gaps. Also, 

baseline ICP latency (~70 ms) is high for real surgery. Future work should include live human data, 

further reduce latency using optimized architectures or pruning, validate robustness under more 

severe occlusion (like full tool obstruction), and evaluate generalization to different organ types and 

endoscope models. 

4. Conclusions 

This study introduced an AI-enhanced depth-based augmented reality (AR) tracking system for 

complex surgical navigation, integrating CNN-LSTM hybrid models with GAN-based augmentation 

for robust motion prediction and depth map denoising. The proposed method significantly improved 

tracking accuracy, reducing mean error from 2.5 mm to 1.0 mm while maintaining a real-time frame 

rate of 24 fps and latency under 45 ms. The system demonstrated increased robustness, with occlusion 

resilience improving by 40%. These advancements offer a promising path toward real-time, accurate 

AR navigation in complex surgeries like liver resections, where traditional methods often fail under 

occlusion and organ deformation. Despite its successes, the study's limitations include the reliance 

on synthetic data augmentation and the absence of diverse real-time clinical conditions. Future work 
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should aim to validate the system in live clinical settings with a broader range of surgeries and 

environments to further establish its reliability and generalizability. 
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