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Abstract 

Purpose: Attaining sufficient microsurgical skills is paramount for neurosurgical trainees. Kinematic 

analysis of surgical instruments using video offers the potential for an objective assessment of 

microsurgical proficiency, thereby enhancing surgical training and patient safety. The purposes of 

this study were to develop a deep-learning-based automated instrument tip-detection algorithm, and 

to validate its performance in microvascular anastomosis training.  

Methods: An automated instrument tip-tracking algorithm was developed and trained using 

YOLOv2, based on clinical microsurgical videos and microvascular anastomosis practice videos. 

With this model, we measured motion economy (procedural time and path distance) and motion 

smoothness (normalized jerk index) during the task of suturing artificial blood vessels for end-to-side 

anastomosis. These parameters were validated using traditional criteria-based rating scales and were 

compared across surgeons with varying microsurgical experience (novice, intermediate, and expert). 

The suturing task was deconstructed into four distinct phases and parameters within each phase were 

compared between novice and expert surgeons. 

Results: The high accuracy of the developed model was indicated by a mean Dice similarity 

coefficient of 0.87. Deep learning-based parameters (procedural time, path distance, and normalized 

jerk index) exhibited correlations with traditional criteria-based rating scales and surgeons' years of 

experience. Experts completed the suturing task faster than novices. The total path distance for the 

right (dominant) side instrument movement was shorter for experts compared to novices. However, 

for the left (non-dominant) side, differences between the two groups were observed only in specific 

phases. The normalized jerk index for both the right and left sides was significantly lower in the 

expert than in the novice groups, and receiver operating characteristic analysis showed strong 

discriminative ability. 

Conclusion: The deep learning-based kinematic analytic approach for surgical instruments proves 

beneficial in assessing performance in microvascular anastomosis. Moreover, this methodology can 
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be adapted for use in clinical settings. 

 

 

Introduction 

Microvascular anastomosis skills are important techniques for neurosurgeons, as they are beneficial 

for repairing unforeseen vascular injuries during various intracranial surgeries. These skills also 

contribute to extracranial-intracranial (EC-IC) bypass surgery in specific cerebral pathologies such as 

ischemic disease [10, 31], moyamoya disease [7, 19], complex cerebral aneurysms [13, 27], and skull 

base tumors [25, 35]. Due to the delicate and fragile nature of the intracranial arteries involved in EC-

IC bypass surgery [22, 34], microvascular anastomosis skills require exceptional finesse. This includes 

precise and coordinated instrument handling with smooth motions to ensure complete approximation 

of the intimal layer of both donor and recipient arteries while avoiding vascular wall injuries. 

Furthermore, as the prevalence of modern endovascular procedures and work-hour restriction policies 

have reduced residents' exposure to microvascular surgery, the role of laboratory training outside the 

operating theater has become increasingly important. 

 A variety of off-the-job training methods have been developed. These methods include “dry 

lab” exercises using gauze, and artificial vessels, as well as “wet lab” exercises utilizing chicken wings, 

turkey wings, living rats, and placentas [2, 18]. The objective assessment of the microsurgical skill has 

been introduced not only to provide feedback information to trainees about training progress, goals 

and challenges, but also to accredit and standardize surgical competence [20]. Criteria-based rating 

scales, such as the Stanford Microsurgery and Resident Training scale [17, 24], Objective Structured 

Assessment of Technical Skills [15], and the Northwestern Objective Microanastomosis Assessment 

Tool [1, 21], serve as good examples of such scales. However, they still face the problem of inter-rater 

bias and require significant human and time resources [3, 12, 32]. In order to achieve more objective 

and quantifiable methods, various approaches have been introduced, including hand motion 
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measurement (e.g., the Imperial College Surgical Assessment Device [5, 14]), instrument motion 

tracking [8, 16], and gripping force measurement [9, 36]. Nevertheless, these methodologies generally 

require specialized equipment, including sensors or virtual reality simulators for data acquisition and 

processing, hindering their clinical application.  

With recent advancements in computer vision and machine learning technologies, attention has 

shifted towards automated video-based motion analysis, which does not require special equipment [6, 

11, 17, 30, 33]. In line with this trend, we have previously developed a deep learning-based object 

detection algorithm which can automatically detect the tips of surgical instruments and track them [26]. 

To enhance training efficacy, we performed reinforcement learning of this algorithm and applied it to 

microvascular training videos to evaluate the kinematic characteristics of the surgical instruments. The 

aim of this study is to validate the feasibility of these methods in evaluating microvascular anastomosis 

skills based on the obtained temporal coordinate information. 

 

Materials and Methods 

Creation of deep learning-based algorithm for surgical instrument detection 

To analyze the motion quality and smoothness of surgical instrument during the microvascular 

anastomosis procedure, a deep learning-based algorithm, which could separately detect right and left 

tips of the surgical instruments, was developed by transfer learning of a previously described surgical 

instrument detection convolutional neural network (CNN) algorithm [26]. 

Training data for the instrument detection algorithm were obtained from microsurgical videos 

of previous microvascular training sessions. For consideration of the future clinical application, images 

with a variety of colored surgical backgrounds were used in this study. Each microsurgical video was 

an AVI file at 29.97 fps, converted to 512 × 512 JPEG data. Then, a 32 × 32 pixel square region of 

interest (ROI) centered on the tips of surgical instruments appearing on the left and right sides was 

manually set to create supervised image data for the algorithm, using self-made annotation software in 
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MATLAB (Figure 1). 

For accuracy evaluation of the instrument detection algorithm, a total of 60 surgical videos 

were used and randomly divided into five groups for five-fold cross validation (12 videos in each 

group). The algorithm was trained using training image data from all 60 videos, and the image data 

from the 12 videos were used as test data. The accuracy of the algorithm was assessed by the mean 

Average Precision (mAP) for both left and right instruments as previously described [26]. The mean 

Dice similarity coefficient (DSC) was also calculated for the evaluation of area coverage of surgical 

instruments.  

In the subsequent experimental study, the algorithm was defined to limit the number of detected 

bounding boxes to two in the order of the highest DSC for each of the left and right surgical instruments. 

The coordinates of the center of the detected bounding box were used as the tip of the surgical 

instrument in all subsequent analyses, and the average coordinates were used for images with two 

detections on each side. 

 

Study participants for experimental surgical performance analysis 

This study was performed with institutional approval from Hokkaido University Hospital (No. 018-

0291). Since our facility held periodic off-the-job microvascular training sessions for educational 

purposes, the surgeon participants (both instructor and trainee) were recruited from the sessions. 

Fourteen surgeons participated and were classified into three groups based on their experience with 

microvascular anastomosis and microsurgery at the time of participation. The novice group mainly 

consisted of junior neurosurgical residents (postgraduate year [PGY] 1–3, n=7) who had never 

performed EC-IC bypass surgery. The intermediate group included clinical fellows who had performed 

fewer than 10 EC-IC bypass surgeries (PGY 6–8, n=2). The expert group comprised board-certified 

neurosurgeons who had performed more than 20 EC-IC bypass surgeries independently (PGY 12–28, 

n=5). All surgeons were right-handed. Informed consent for the participation of this study was obtained 
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from all surgeons. Surgeon characteristics are summarized in Table 1 

 

Surgical task and trial 

In the experiment, the assigned surgical task was a superficial (zero depth) end-to-side anastomosis 

with the use of 2.0-mm artificial blood vessels and 10-0 surgical sutures. A camera attached to the 

operating microscope recorded the procedure. Two artificial vessels were prepared as donor and 

recipient, and the recipient vessel was fixed by microvascular clips or pins. The end of the donor vessel 

was cut to make a fish-mouth opening, and the recipient vessel was cut in a linear fashion. Two stay 

sutures were placed at both toe and heal ends. Then, interrupted sutures on one then the other side were 

performed to complete the end-to-side anastomosis. Each stitch was secured with three knots.  

In this study, a ‘surgical trial’ was defined as completing one suturing which included getting 

hold of the needle by forceps, insertion and extraction of the needle, tying knots, and cutting threads. 

The surgical process of interrupted suture after the two stay sutures was analyzed. For detailed surgical 

performance analysis, four phases of one trial were also analyzed (Figure 2), phase A: grasping and 

inserting the needle; phase B: pushing and extracting the needle; phase C: pulling threads to first knot; 

phase D: tying knots and cutting threads.[9]  

 

Deep learning-based analysis of microsurgical performance 

A total of 66 trials, comprising 30, 6, and 30 trials from 5 expert, 2 intermediate, and 7 novice surgeons 

respectively, were evaluated using the developed surgical instrument detection algorithm. The 

algorithm was applied to the JPEG-converted video data of each surgeon to obtain the temporal 

coordinate information of the left and right instrument tip data. Calibration of the size per pixel was 

performed using a scale located within the microscopic field. The total number of frames for each trial 

was calculated, and the start and end frames were obtained for each process from phase A to phase D.  

To assess the motion economy, procedural time and total path distance were used. To assess 
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the motion quality and smoothness (i.e. dexterity), the jerk index was employed. In this study, to 

mitigate the effects of task duration and movement amplitude, we calculated the normalized jerk index 

using the following equation based on the change in the left and right coordinates of the surgical 

instrument over time, the distance traveled, and the time required for the process (Figure 3) [8]. 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =
1
2
∗
𝑡𝑡5

𝐷𝐷2 ∗ �(
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

)2 

a: acceleration, t: movement time, D: movement distance 

Considering that the movement of instruments within the microscopic view may also be an 

important factor in technical assessment, we calculated the duration during which the surgical 

instrument tips were outside the microscopic view. The time when the surgical instruments were out 

of view was represented as a percentage of the total procedural time.  

 

Criteria-based analysis of microsurgical performance 

To validate the efficacy of deep learning-based video analysis in assessing surgical performance, all 

trials were additionally evaluated using a previously validated criteria-based rating scale (the Stanford 

Microsurgery and Resident Training scale) [17, 24]. Three expert surgeons independently rated all 

trials, with their knowledge of the surgeon's identity blinded. As previously described [17], they rated 

each trial on a scale from 9 to 45 across nine categories (1–5 points each), encompassing instrument 

handling, respect for tissue, efficiency, suture handling, suturing technique, quality of the knot, final 

product, operational flow, and overall performance. 

 

Statistical analysis 

The results are presented as mean ± standard deviation. Interrater reliability for the criteria-based rating 

scale was assessed using Cronbach's α coefficient among three raters. Correlations between deep 

learning-based parameters (procedural time, path distance, normalized jerk index, and the percentage 

of time surgical instruments were out of the microscopic view) and the criteria-based rating scale were 
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analyzed using Pearson's correlation coefficient (r). Correlations between microsurgical performance 

parameters and years of training (PGY) were analyzed using Spearman's rank correlation coefficient 

(ρ). 

For a detailed analysis of surgical performance, deep learning-based parameters in the four 

subcategorized phases (phases A-D) were compared between expert and novice groups. The Shapiro–

Wilk test was used to assess normality of parameters. The t-test was applied when normality was 

confirmed, and the Kruskal–Wallis test was employed in its absence. Receiver operating characteristic 

(ROC) curves were also calculated for parameters relevant to expert and novice groups. The area under 

the curve (AUC) and a 95% confidence interval (CI) were computed to evaluate the discriminative 

accuracy of kinematic parameters in predicting the surgeon’s skill level. Statistical significance was 

set at a p-value <.05. 

 

Results 

Accuracy of the created instrument detection algorithm  

Table 2 shows the mAP of the detector at the tip of the surgical instrument. The average mAPs were 

0.65 and 0.63 for right and left instruments, respectively. The high accuracy of the developed model 

was reflected by the average mean DSC for the detection of all surgical instruments of 0.87. 

 

Correlation between deep learning-based and criteria-based performance analysis 

The microsurgical performance profiles of each surgeon, including their mean scores on the criteria-

based rating scale, total procedural time, total path distances of both the right and left instruments, 

normalized jerk indexes for both instruments, and the percentages of time when both instruments were 

out of the microscopic view, are detailed in Supplementary material 1.  

The high interrater reliability for the criteria-based rating scale was confirmed with a 

Cronbach's α coefficient of 0.97. Table 3 presents Pearson correlation coefficients (r), 95% CI, and p-
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values for the association between deep learning-based parameters and the criteria-based rating scale. 

Procedural time, total path distances of both right and left instruments, and normalized jerk indexes 

for both instruments showed a significant correlation with the criteria-based rating scale, as depicted 

in Figure 4. However, the percentage of time the surgical instruments were out of the microscopic 

view did not demonstrate a significant correlation. 

 

Correlation between microsurgical performance parameters and years of training 

Table 4 displays Spearman’s rank correlation coefficients (ρ) and p-values for the association between 

microsurgical performance parameters and surgeons’ PGY. The criteria-based rating scales, procedural 

time, total path distances of both right and left instruments, and normalized jerk indexes for both 

instruments demonstrated a significant correlation with the surgeons’ PGY, as shown in Figure 5. 

However, the percentage of time the surgical instruments were out of the microscopic view did not 

show a significant correlation. 

 

Detailed technical analysis of surgical phases between experts and novices 

The procedural time in each procedural phase is shown in Figure 6A, and detailed data is also provided 

in Supplementary material 2. The total path distance of the instruments is shown in Figure 6B and 

C, and detailed data are also provided in Supplementary material 3. Experts completed a trial in 

shorter procedural time than novices. With regard to right (dominant) side instrument use, total path 

distances in the total procedure and in phases B-D were shorter in the expert than the novice group. 

However, for the left (non-dominant) side instrument, the path distance only in phase C was shorter in 

the expert than the novice group.  

The normalized jerk index is shown in Figure 6D and E, and detailed data are also provided 

in Supplementary material 4. In terms of both right and left hands, the normalized jerk indices for 

the total procedure and in phases B–D were significantly lower in the expert than in the novice group.  
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The ROC curves for each parameter in each phase in the discrimination between expert and 

novice groups are shown in Figure 7, and the AUC and 95% CI are shown in Table 5. The strong 

associations were reflected by the AUC ≥ 0.80 for multiple parameters, including procedural time in 

phases B–D, the path distance of dominant side in phase C and D, and the normalized jerk index of 

both right and left sides in phases B–D.  

 

Discussion 

In this study, we developed and utilized a deep learning-based algorithm that can automatically detect 

and track both the right and left instrument tips separately, to analyze kinematic data of instrument 

motion in microvascular training. We quantified motion economy and smoothness, and compared these 

parameters across surgeons with different skill levels. The results showed that deep learning 

parameters (procedural time, path distance, and normalized jerk index) correlated well with traditional 

criteria-based rating scales. Additionally, these parameters exhibited correlations with the surgeons' 

years of experience. Therefore, this approach offers potential for the objective assessment of surgical 

skill. Our findings align with previous studies that used criteria-based rating scales, motion analysis 

software, and motion sensors for microsurgical skill assessment [9, 17]. To the best of our knowledge, 

this is the first study to utilize a deep learning-based video-analysis algorithm for assessing 

microsurgical performance in microvascular anastomosis training.  

Traditionally, microsurgical performance has been represented by clinical outcomes such as 

bypass patency rate, clamping time, and postoperative stroke rates [23]. However, these metrics are 

not holistic indicators of overall surgical skill. As the traditional master-apprentice surgical education 

model transitions towards a competence-based educational model, various objective methods have 

been introduced to assess surgical skill [29, 32]. Among them, the video-based kinematic analysis 

approach for surgical instruments is particularly appealing, as it does not require special sensors or 

equipment, therefore providing high clinical adaptability. The artificial intelligence-based model is 
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also compelling due to its potential to analyze surgical videos in real-time with fewer human resources. 

 

Motion quality and technical considerations 

Proficiency in microsurgical skills is crucial for patient safety. While surgical skills encompass various 

aspects, such as procedural and anatomical knowledge, instrumentation, flow of operation, and 

autonomy, the dexterity in manipulating surgical instruments is particularly vital in microvascular 

surgery [28]. In microvascular anastomosis, where the surgical object (e.g., the recipient of the 

intracranial artery) has a diameter of approximately 1 mm—and sometimes is as small as 0.5 mm in 

pediatric moyamoya disease cases [22, 34]—precise and coordinated needle manipulation is essential 

for accurate needle insertion and extraction. Hesitant movements, tremors, or jerky motions often 

complicate this procedure. 

In this study, we utilized the jerk index to quantify dexterity and motion smoothness. While 

motion smoothness is typically measured based on factors like the rate of change in acceleration, the 

curvature of the path traveled, or the cumulative count of abrupt accelerations and decelerations, these 

metrics can be influenced by the duration of the task and the amplitude of the movement. To negate 

the effects of time and amplitude, we used the normalized jerk index, as previous studies have shown 

that the normalized jerk index is effective in quantifying motion smoothness and coordination [4, 8]. 

This research marks the first time the normalized jerk index has been applied to evaluate surgical 

performance in microvascular anastomosis.  

In this study, multiple parameters were different between experts and novices in a majority of 

the surgical phases, suggesting that experts employ higher-quality motion when manipulating needles, 

threads, and the vascular wall, while also completing surgical tasks more swiftly. However, while the 

total path distance of the right (dominant) side instrument was shorter for experts than for novices, that 

of the left (non-dominant) side instrument was shorter only in a limited phase (phase C). This 

discrepancy might be influenced by the fact that expert surgeons more frequently use their non-
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dominant hand efficiently to avoid tearing the delicate vascular wall during anastomosis. Notably, the 

normalized jerk index distinctly differentiated between the two groups with high precision, in terms of 

instrument motion for both dominant and non-dominant sides. This suggests that the normalized jerk 

index might be more useful than path distance for assessing microsurgical skill. 

 

Limitations and future directions 

A primary technical limitation of our methods was the absence of three-dimensional kinematic data, 

specifically the lack of depth information. However, given that most microsurgical procedures are 

conducted within the same plane under the microscope’s focus, this limitation's impact was considered 

minimal. Another constraint was that when the surgical tool was outside the microscope's visual field, 

kinematic data could not be captured. 

Our study had a relatively small sample size concerning the number of participating surgeons. 

Moreover, we did not evaluate data from repeated training sessions of trainees to estimate the learning 

curve and determine if feedback could enhance training efficacy. Further studies involving a larger 

participant pool with diverse microsurgical experiences are essential to better differentiate surgeon 

skill levels and assess whether such training approaches can improve training efficiency. 

Owing to the versatility of this analytic method, analyzing videos in clinical settings and real-

time monitoring present intriguing research avenues for the future, especially since laboratory training 

does not replicate the stressors surgical trainees face in operating theatre environments. 

 

Conclusions 

We developed a deep learning-based algorithm capable of measuring kinematic parameters of 

surgical instruments, encompassing motion economy and smoothness. The measured parameters 

using this deep learning approach correlated well with the skill levels of surgeons. Such 

methodologies promise to enrich microvascular anastomosis training, with anticipated clinical 
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applications. 
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Figure legends 

Figure 1 

Training data for instrument detection YOLOv2 algorithm and reprocessing flowchart 

 

Figure 2 

Deconstructed smaller surgical phases . 

 

Figure 3 

Surgical instrument tip trajectory analysis software.  

 

Figure 4 

Correlation between deep learning-based parameters and the criteria-based rating scale.  

A: Procedural time 

B: Path distance for right (dominant) side instrument tip 

C: Path distance for left (non-dominant) side instrument tip 

D: Normalized jerk index for right (dominant) side instrument tip  

E: Normalized jerk index for left (non-dominant) side instrument tip 

 

Figure 5 

Correlation between microsurgical performance parameters and surgeons’ years of training. 

Smoothing splines are provided for reference of learning curves. 

PGY, postgraduate year 

A: Rating scale 

B: Procedural time 

C: Path distance for right (dominant) side instrument tip 
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D: Path distance for left (non-dominant) side instrument tip 

E: Normalized jerk index for right (dominant) side instrument tip  

F: Normalized jerk index for left (non-dominant) side instrument tip 

 

Figure 6 

Box-and-whisker diagrams for each parameter in each phase.  

A: Procedural time 

B: Path distance for right (dominant) side instrument tip 

C: Path distance for left (non-dominant) side instrument tip 

D: Normalized jerk index for right (dominant) side instrument tip  

E: Normalized jerk index for left (non-dominant) side instrument tip 

 

Figure 7 

Receiver operating curves for each parameter in each phase 

A: Phase A, B: Phase B, C: Phase C, D: Phase D. 



Surgeon  
No. 

Surgeon Group PGY 
Experience (N) 

Laboratory training Microsurgery EC-IC bypass 
1 

Novice 

1 <10 <5 0 
2 1 <2 <5 0 
3 2 <5 <10 0 
4 2 <5 <20 0 
5 2 <5 <30 0 
6 3 <15 <40 0 
7 3 <20 <30 0 
8 

Intermediate 
6 >20 <100 <5 

9 8 >30 <200 <10 
10 

Expert 

12 >30 <700 <100 
11 13 >30 <1000 <100 
12 14 >30 <300 <30 
13 20 >50 >1500 >150 
14 28 >50 >2000 >300 

 
Table 1 Surgeons’ characteristics 
PGY, postgraduate year; N, number; EC-IC, extracranial-intracranial  
 
 
  



 
 
 
 
 
 
 
 

Table 2 Mean average precision and dice similarity coefficient in each fold. 
DSC, Dice similarity coefficient; L, left; mAP, mean average precision; R, right  
  

  
mAP 

Mean DSC 
Total R L 

Fold 1 0.7 0.72 0.7 0.89 
Fold 2 0.65 0.67 0.65 0.88 
Fold 3 0.65 0.67 0.65 0.88 
Fold 4 0.59 0.63 0.59 0.85 
Fold 5 0.53 0.56 0.53 0.83 
Mean 0.63 0.65 0.63 0.87 



Parameter Side r 95% CI p-value 
Time  -0.77 -0.92 – -0.40 <0.01** 

Total path distance 
R -0.85 -0.95 – -0.58 <0.01** 
L -0.58 -0.85 – -0.07 0.03* 

Normalized jerk index 
R -0.60 -0.86 – -0.10 0.02* 
L -0.57 -0.84 – -0.06 0.03* 

% out of operative field 
R -0.19 -0.65 – -0.38 0.52 
L -0.11 -0.61 – -0.45 0.71 

 
Table 3 The association between deep learning-based parameters and the criteria-based rating scale 
Pearson correlation coefficients (r), 95% confidence interval (CI), and p-values are provided. 
  



Parameter Side ρ p-value 

Rating scale - 0.82 <0.001*** 
Time - -0.77 <0.01** 

Total path distance 
R -0.80 <0.001*** 
L -0.57 0.03* 

Normalized jerk index 
R -0.67 <0.01** 
L -0.76 <0.01** 

% out of operative field 
R -0.06 0.84 
L -0.20 0.49 

 
Table 4 The association between microsurgical performance parameters and years of training (postgraduate year) 
Spearman’s rank correlation coefficients (ρ) and p-values are provided. 
  



Parameter Side Phase A Phase B Phase C Phase D 
Time - 0.59 (0.41-0.77) 0.93 (0.84-1.00) 0.95 (0.86-1.00) 0.91 (0.79-1.00) 

Path distance 
R 0.36 (0.17-0.54) 0.76 (0.61-0.91) 0.84 (0.72-0.96) 0.91 (0.82-1.00) 
L 0.55 (0.37-0.73) 0.59 (0.41-0.77) 0.70 (0.53-0.87) 0.54 (0.35-0.72) 

Normalized jerk index 
R 0.56 (0.37-0.74) 0.94 (0.87-1.00) 0.90 (0.8-0.99) 0.86 (0.74-0.98) 
L 0.48 (0.28-0.67) 0.87 (0.75-0.98) 0.92 (0.84-1.00) 0.85 (0.72-0.98) 

 
Table 5 Area under the curve and 95% CI based on receiver operating characteristic analysis for each parameter in each phase 
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