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Image-based tracking of medical instruments is an integral part of surgical data science applications. 
Previous research has addressed the tasks of detecting, segmenting and tracking medical instruments 
based on laparoscopic video data. However, the proposed methods still tend to fail when applied 
to challenging images and do not generalize well to data they have not been trained on. This paper 
introduces the Heidelberg Colorectal (HeiCo) data set - the first publicly available data set enabling 
comprehensive benchmarking of medical instrument detection and segmentation algorithms with a 
specific emphasis on method robustness and generalization capabilities. Our data set comprises 30 
laparoscopic videos and corresponding sensor data from medical devices in the operating room for three 
different types of laparoscopic surgery. Annotations include surgical phase labels for all video frames as 
well as information on instrument presence and corresponding instance-wise segmentation masks for 
surgical instruments (if any) in more than 10,000 individual frames. The data has successfully been used 
to organize international competitions within the Endoscopic Vision Challenges 2017 and 2019.

Background & Summary
Surgical data science was recently defined as an interdisciplinary research field which aims “to improve the quality 
of interventional healthcare and its value through the capture, organization, analysis and modelling of data”1. 
The vision is to derive data science-based methodology to provide physicians with the right assistance at the 
right time. One active field of research consists in analyzing laparoscopic video data to provide context-aware 
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intraoperative assistance to the surgical team during minimally-invasive surgery. Accurate tracking of surgical 
instruments is a fundamental prerequisite for many assistance tasks ranging from surgical navigation2 to skill 
analysis3 and complication prediction. While encouraging results for detecting, segmenting and tracking medical 
devices in relatively controlled settings have been achieved4, the proposed methods still tend to fail when applied 
to challenging images (e.g. in the presence of blood, smoke or motion artifacts) and do not generalize well (e.g. 
to other interventions or hospitals)5. As of now, no large (with respect to the number of images), diverse (with 
respect to different procedures and levels of image quality), and extensively annotated data set (sensor data, 
surgical phase data, segmentations) has been made publicly available, which impedes the development of robust 
methodology.

This paper introduces a new annotated laparoscopic data set to address this bottleneck. This data set comprises 
30 surgical procedures from three different types of surgery, namely from proctocolectomy (surgery to remove 
the entire colon and rectum), rectal resection (surgery to remove all or a part of the rectum), and sigmoid resec-
tion (surgery to remove the sigmoid colon). Annotations include surgical phase information and information 
on the status of medical devices for all frames as well as detailed segmentation maps for the surgical instruments 
in more than 10,000 frames (Fig. 1). As illustrated in Figs. 1 and 2, the data set is well-suited to both developing 
methods for instrument detection and binary or multi-instance segmentation. It features various levels of diffi-
culty including motion artifacts, occlusion, inhomogeneous lighting, small or crossing instruments and smoke or 
blood in the field of view (see Fig. 3 for some challenging examples).

In this paper, we shall use the terminology for biomedical image analysis challenges that was introduced in a 
recent international guideline paper6. We define a biomedical image analysis challenge as an open competition 
on a specific scientific problem in the field of biomedical image analysis. A challenge may encompass multiple 
competitions related to multiple tasks, for which separate results and rankings (if any) are generated. The data 
set presented in this paper served as a basis for the Robust Medical Instrument Segmentation (ROBUST-MIS) 
challenge7 organized as part of the Endoscopic Vision (EndoVis) challenge (https://endovis.grand-challenge.org/) 
at the International Conference on Medical Image Computing and Computer Assisted Interventions (MICCAI) 
2019. ROBUST-MIS comprised three tasks, each requiring participating algorithms to annotate endoscopic image 
frames (Fig. 2). For the binary segmentation task, participants had to provide precise contours of instruments, 
represented by binary masks, with ‘1’ indicating the presence of a surgical instrument in a given pixel and ‘0’ rep-
resenting the absence thereof. Analogously, for the multi-instance segmentation task, participants had to provide 
image masks with numbers ‘1’, ‘2’, etc. which represented different instances of medical instruments. In contrast, 
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Fig. 1 Overview of the Heidelberg Colorectal (HeiCo) data set. Raw data comprises anonymized, downsampled 
laparoscopic video data from three different types of colorectal surgery along with corresponding streams from 
medical devices in the operating room. Annotations include surgical phase information for the entire video 
sequences as well as information on instrument presence and corresponding instance-wise segmentation masks 
of medical instruments (if any) for more than 10,000 frames.
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the multi-instance detection task merely required participants to detect and roughly locate instrument instances 
in video frames. The location could be represented by arbitrary forms, such as bounding boxes.

Information on the activity of medical devices and the surgical phase was also provided as context informa-
tion for each frame in the 30 videos. This information was obtained from the annotations generated as part of 
the MICCAI EndoVis Surgical workflow analysis in the sensor operating room 2017 challenge (https://endoviss-
ub2017-workflow.grand-challenge.org/).
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Fig. 2 Laparoscopic images representing various levels of difficulty for the tasks of medical instrument 
detection, binary segmentation and multi-instance segmentation. Raw input frames (a) and corresponding 
reference segmentation masks (b) computed from the reference contours.
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Methods
The data set was generated using the following multi-stage process:

 I. Recording of surgical data
 II. Annotation of videos (surgical phases)
 III. Selection of frames for surgical instrument segmentation
 IV. Annotation of frames (surgical instruments)

A.    Generation of protocol for instrument segmentation
B.    Segmentation of instruments
C.    Verification of annotations

 V. Generation of challenge data set

Details are provided in the following paragraphs.

recording of surgical data. Data acquisition took place during daily routine procedures in the integrated 
operating room KARL STORZ OR1 FUSION® (KARL STORZ SE & Co KG, Tuttlingen, Germany) at Heidelberg 
University Hospital, Department of Surgery, a certified center of excellence for minimally invasive surgery. Videos 
from 30 surgical procedures in three different types of surgery served as a basis for this data set: 10 proctocolec-
tomy procedures, 10 rectal resection procedures, and 10 sigmoid resection procedures. While previous research 
on surgical skill and workflow analysis and corresponding publicly released data have focused on ex vivo training 
scenarios8 and comparatively simple procedures, such as cholecystectomy9, we placed emphasis on colorectal 
surgery. As these procedures are more complex, more variations occur in surgical strategy (e.g. length or order of 
phases) and phases may occur repeatedly.

All video data were recorded with a laparoscopic camera from KARL STORZ Image 1, with a forward-oblique 
telescope 30°. The KARL STORZ Xenon 300 was used as a cold light source. To comply with ethical standards and 
the general data protection regulation of the European Union, data were anonymized. To this end, frames corre-
sponding to parts of the surgery performed outside of the abdomen were manually identified and subsequently 
replaced by blue images. Image resolution was scaled down from 1920 × 1080 pixels (high definition (HD)) in 
the primary video to 960 × 540 in our data set. In addition, KARL STORZ OR1 FUSION® was used to record 
additional data streams from medical devices in the room, namely Insufflator Thermoflator, OR lights, cold light 
fountain Xenon 300, and Camera Image 1. A complete list of all parameters and the corresponding descriptions 
can be found in Table 1.

It is worth noting that all three surgery types contained in this work included an extra-abdominal phase 
(bowel anastomosis; the connection of two parts of bowel) that was executed extra-abdominally without use of 
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Fig. 3 Examples of challenging frames overlaid with reference multi-instance segmentations created by surgical 
data science experts.
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the laparoscope. As all three types of surgical procedure take place in the same anatomical region, many phases 
occur in two or all three of the procedures, as shown in Online-only Table 1.

Annotation of videos. We use the following terminology throughout the remainder of this manuscript 
based on the definitions provided by10. Phases represent the highest level of hierarchy in surgical workflow analy-
sis and consist of several steps. Steps are composed of surgical activities that aim to reach a specific goal. Activities 
represent the lowest level of hierarchy as “a physical task” or “well-defined surgical motion unit” such as dissect-
ing, dividing or suturing.

In our data set, phases were modelled by surgical experts by first dividing the surgical procedure by dominant 
surgical activity, namely orientation (in the abdomen), mobilization (of colon), division (of vessels), (retroperi-
toneal) dissection (of rectum), and reconstruction with anastomosis. Subsequently, these parts were subdivided 
into phases by anatomical region. For example, the mobilization of colon was divided into phases for the sigmoid 
and descending colon, transverse colon, ascending colon and splenic flexure. Each phase received a unique ID, 
as shown in Online-only Table 1. Furthermore, during the annotation process, aberrations from the defined 
standard phase definitions occurred that had not been modelled beforehand. Examples include an additional 
cholecystectomy or a bladder injury. These phases were subsumed as “exceptional phases” (ID 13; see Online-only 
Table 1).

The annotator (surgical resident) had access to the endoscopic video sequence of the surgical procedure. 
The result of the annotation was a list of predefined phases for each video (represented by the IDs provided in 
Online-only Table 1) with corresponding timestamps denoting their starting points. The labeling was performed 
according to the following protocol:

 1. Definition of the start of a phase

 a. A phase starts when the instrument related to the first activity relevant for this phase enters the 
screen. Example: a grasper providing tissue tension for dissection of the sigmoid mesocolon in order 
to identify and dissect the inferior mesenteric artery.

 b. If a change of the anatomical region (such as change from mobilization of ascending colon to mobili-
zation of transverse colon) results in the transition to a new phase, the camera movement towards the 
new region marks the start of the phase.

 c. If the camera leaves the body or is pulled back into the trocar between two phases, the new phase 
starts with the first frame that does not show the trocar in which the camera is located.

 2. Definition of the end of a phase:

 a. A phase is defined by its starting point. The end of a phase thus occurs when the next phase starts. 
This implies that idle time is assigned to the preceding phase.

Note that while phases in other surgeries, such as cholecystectomy, follow a rigid process, this is not the case 
for more complex surgeries, such as the ones subject to this data set. In other words, each phase can occur mul-
tiple times. Moreover, colorectal surgery comes with possible technical variations between centers, surgeons and 
procedures. For example, in sigmoid resection, some surgeons may choose a tubular resection of the mesentery 
over a central dissection of vessels and lymph nodes en bloc for benign disease, which results in completely omit-
ting the respective phase.

Selection of frames. From the 30 surgical procedures described above, a total of 10,040 frames were 
extracted for instrument segmentation. In the first step, a video frame was extracted every 60 seconds. In this 

Medical device name Medical device description Sensor stream names

Insufflator Thermoflator (KARL STORZ SE & 
Co. KG, Tuttlingen, Germany)

Device used to insufflate the abdomen with carbon dioxide in 
order to create space for the minimally invasive surgery.

Flow Actual

Flow Target

Pressure Actual

Pressure Target

Gas Volume

Supply Pressure

OR lights LED2 (Dr. Mach GmBH & Co KG, 
Germany)

Light mounted onto movable arms on the ceiling. Used to 
illuminate the patient’s abdomen during open surgery.

Light1 On

Light1 Intensity Actual

Light2 On

Light2 Intensity Actual

Coldlight fountain Xenon 300 (KARL 
STORZ SE & Co KG, Tuttlingen, Germany)

Light source that illuminates the abdomen via a light cable 
mounted onto the laparoscopic camera.

Intensity Actual

Standby

Camera Image 1 (KARL STORZ SE & Co. 
KG, Tuttlingen, Germany)

Endoscopic camera control unit for use with both single and 
three-chip camera heads.

White Balance
Shutter Speed
Brightness
Enhancement

Table 1. Medical devices of the operating room and corresponding sensor streams provided by KARL STORZ 
OR1 FUSION® (KARL STORZ SE & Co KG, Tuttlingen, Germany).
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process, blue frames included due to video anonymization (see Recording of data) were ignored. This resulted 
in a total of 4,456 frames (corresponding to the extracted IDs) for annotation. To reach the goal of annotating 
more than 10,000 video frames in total, it was decided to place a particular focus on interesting snippets of the 
video. Surgical workflow analysis is currently a very active field of research. For an accurate segmentation of a 
video into surgical phases, it requires the detection of the transition from one surgical phase to the next. For this 
reason, frames corresponding to surgical phase transitions were obtained in seven of the 30 videos (three from 
rectal resection, two from the other two types of surgery). More specifically, frames within 25 seconds of the phase 
transition (before and after) were sampled every second (again, excluding blue frames). This led to a doubling 
of the number of annotated frames. Statistics of the number of frames selected for the different procedures are 
provided in Table 2.

Annotation of frames. An initial segmentation of the instruments in the selected frames was performed by 
the company understand.ai (https://understand.ai/). To this end, a U-Net style neural network architecture11 was 
trained on a small manually labeled subset of the data set. This network was then used to label the rest of the data 
set in a semi-automated way; based on pixel-wise segmentation proposals, a manual refinement was performed, 
following previous data annotation policies4. Based on this initial segmentation, a comprehensive quality and 
consistency analysis was performed and a detailed annotation protocol was developed, which is provided in the 
Supplementary Methods. Based on this protocol, the initial annotations were refined/completed by an annotation 
team of four medical students and 14 engineers. In ambiguous or unclear cases, a team of two engineers and one 
medical student generated a consensus annotation. For quality control, two medical experts went through all of 
the segmentation masks and reported potential errors which were then corrected by members of the annotation 
team. Final agreement on each label was generated by a team comprising a medical expert and an engineer. 
Examples of annotated frames are provided in Figs. 2 and 3.

Generation of challenge data set. Typically, a challenge has a training phase. At the beginning of the 
training phase, the challenge organizers release training cases with the relevant reference annotations6. These help 
the participating teams in developing their method (e.g. by training a machine learning algorithm). In the test 
phase, the participating teams either upload their algorithm, or they receive access to the test cases without the 
reference annotations and submit the results that their algorithm has achieved for the test cases to the challenge 
organizers. To enable comparative benchmarking to be executed for this challenge paradigm, our data set was 
split into a training set and a test set. Our data set was arranged such that it allows for validation of detection/
binary segmentation/multi-instance segmentation algorithms in three test stages:

•	 Stage 1: The test data are taken from the procedures (patients) from which the training data were extracted.
•	 Stage 2: The test data are taken from the exact same type of surgery as the training data but from procedures 

(patients) that were not included in the training data.
•	 Stage 3: The test data are taken from a different but similar type of surgery (and different patients) compared 

to the training data.

Following this concept, the data set was split into training and test data as follows:

•	 The data from all 10 sigmoid resection surgery procedures were reserved for testing in stage 3. We picked 
sigmoid resection for stage 3 as it comprised the lowest number of annotated frames and we aimed to come as 
close as possible to the recommended 80%/20% split12 of training and test data.

•	 Of the 20 remaining videos corresponding to proctocolectomy and rectal resection procedures, 80% were 
reserved for training and 20% (i.e. two procedures of each type) were reserved for testing in stage 2. More 
specifically, the two patients with the lowest number of annotated frames were taken as test data for stage 2 
(for both rectal resection and proctocolectomy). Again, the reason for this choice was to increase the size of 
the training data set compared to the test set.

•	 For stage 1, every 10th annotated frame from the remaining 2*(10-2) = 16 procedures was used.

In summary, this amounted to a total of 10,040 frames, distributed as follows:

•	 Training data: 5,983 frames in total (2,943 frames from proctocolectomy surgery and 3,040 frames from rectal 
resection surgery)

•	 Test data (4,057 frames in total):

Surgery type
Number of 
videos

Number of annotated frames: 
median (min; max)

Number of frames with 
instruments: median (min; max)

Number of instruments per 
frame: median (min; max)

Procto-colectomy 10 152 (101, 1259) 133 (93, 1130) 1 (0, 5)

Rectal resection 10 198 (123, 1181) 169 (107, 870) 1 (0, 5)

Sigmoid resection 10 121 (69, 1070) 105 (62, 730) 1 (0, 7)

Table 2. Number of frames selected from the different procedures.

https://doi.org/10.1038/s41597-021-00882-2
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•	 Stage 1: 663 frames in total (325 frames from proctocolectomy surgery and 338 frames from rectal resection 
surgery)

•	 Stage 2: 514 frames in total (225 frames from proctocolectomy surgery and 289 frames from rectal resection 
surgery)

•	 Stage 3: 2,880 frames from sigmoid resection surgery

As suggested in6, we use the term case to refer to a data set for which the algorithm(s) participating in a spe-
cific challenge task produce one result (e.g. a segmentation map). To enable instrument detection/segmentation 
algorithms to take temporal context into account, we define a case as a 10 second video snippet comprising 250 
endoscopic image frames (not annotated) and an annotation mask for the last frame (Fig. 4). In the mask, a ‘0’ 
indicates the absence of a medical instrument and numbers ‘1’, ‘2’, … represent different instances of medical 
instruments.

Data Records
The primary data set of this paper corresponds to the ROBUST-MIS 2019 challenge and features 30 surgical vid-
eos along with frame-based instrument annotations for more than 10,000 frames. The annotations for this data 
set underwent a rigorous multi-stage quality control process. This data set is complemented by surgical phase 
annotations for the 30 videos which were used in the Surgical Workflow Analysis in the sensorOR challenge 
organized in 2017.

The data can be accessed in two primary ways: (1) As a complete data set that contains videos and medical 
device data along with corresponding annotations (surgical workflow and instrument segmentations) following 
the folder structure shown in Fig. 4 or (2) as ROBUST-MIS challenge data sets that represent the split of the data 
into training and test sets as used in the ROBUST-MIS challenge 2019 (Fig. 5).

Complete data set. To access the complete data sets (without a split in training and test data), users are 
requested to create a Synapse account (https://www.synapse.org/). The data can be downloaded from13.

The downloaded data is organized in a folder structure, as illustrated in Fig. 4. The first level represents the 
surgery type (proctocolectomy, rectal resection and sigmoid resection). In the next lower level, the folder names 
are integers ranging from 1–10 and represent procedure numbers. Each folder in this level (corresponding to a 
surgery type p and procedure number i) contains the raw data (laparoscopic video as .avi file and device data as 
.csv file; see Supplementary Table 1), the surgical phase annotations (as .csv file, see Supplementary Table 2) and 
a set of subfolders numbered from 1 to Np,i where Np,i is the number of the frames for which instrument segmen-
tations were acquired. The final level represents individual video frames and contains the video frame itself (raw.
png) and a 10 second video (10s_video.zip) of the 250 preceding frames in RGB format. If instruments are visible 
in an image frame, the folder contains an additional file called “instrument_instances.png”, which represents 
the instrument segmentations generated according to the annotation protocol presented in the Supplementary 
Methods.

Procto-
colectomy

…

Surgery type > Procedure >    Procedural data        >   Frame    >    Images and videos

Rectal 
resection

…10

1

…

…10

…1

Sigmoid 
resection

…

…10

…1

Proctocolectomy_1_Device.csv

Proctocolectomy_1_Phase.csv

Proctocolectomy_1.avi

Instrument segmentations

…

…

10s_video.zip

…

… i

raw.png

instrument_instances.png*
*present when instrument is visible

Fig. 4 Folder structure for the complete data set. It comprises five levels corresponding to (1) surgery type, (2) 
procedure number, (3) procedural data (video and device data along with phase annotations), (4) frame number 
and (5) frame-based data.
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rOBUST-MIS challenge data set. The segmentation data is additionally provided in the way it was avail-
able for participants of the ROBUST-MIS challenge7. Data usage requires the creation of a Synapse account. The 
data can be downloaded from14. Scripts to download the data and all scripts used for evaluation in the challenge 
can be found here: https://phabricator.mitk.org/source/rmis2019/.

The downloaded data is organized in a folder structure as shown in Fig. 5. There are two folders in the first 
level representing the suggested split into training and test data. The training data includes two folders repre-
senting the surgery type (proctocolectomy and rectal resection). The test data folder has three additional folders 
for stages 1–3. The next level for the test data also represents the surgery type (proctocolectomy, rectal resection, 
sigmoid resection). In the next deeper level of training and test data, the folder names are integers ranging from 
1–10 and represent procedure numbers. Each folder in this level corresponds to a surgery type p and procedure 
number i and contains a set of Np,i subfolders where Np,i is the number of the frames for which instrument seg-
mentations were acquired for the respective procedure and stage. The folders in the last level of the hierarchy 
contain the annotated video frame (raw.png) and a 10 second video (10s_video.zip) of the 250 preceding frames 
in RGB format. If instruments are visible in an image frame, the folder contains an additional file called “instru-
ment_instances.png”, which represents the instrument segmentations generated according to the annotation pro-
tocol presented in the Supplementary Methods. Raw data is stored in a separate folder and contains the videos 
(.avi file) as well as the device data (csv file) for each procedure.

Technical Validation
Validation of segmentations. The verification of the annotations was part of the data annotation proce-
dure, as detailed above. To estimate the inter-rater reliability, five of the annotators that had curated the data set 
segmented (the same) 20 randomly selected images from the data set, where each image was drawn from a dif-
ferent surgery and contained up to three instrument instances. As we were interested in the inter-rater reliability 
for instrument instances rather than for whole images, we evaluated all 34 visible instrument instances of these 
20 images individually. The Sørensen Dice Similarity Coefficient (DSC)15 and the Haussdorf distance (HD)16 
were used as metric for contour agreement as they are the most widely used metrics for assessing segmentation 
quality17. For each instrument instance, we determined the DSC/HD for all combinations of two different raters. 
This yielded a median DSC of 0.96 (mean: 0.88, 25-quantile: 0.91, 75-quantile: 0.98) and a median HD of 12.8 
(mean: 89.3, 25-quantile: 7.6, 25-quantile: 7.6, 75-quantile: 36.1) determined over all tuples of annotations and 
instrument instances. Manual analysis showed that outliers mainly occurred primarily if one or multiple of the 
raters did not detect a specific instance. It should be noted that an agreement of around 0.95 is extremely high 
given previous studies on inter-rater variability18.

The recorded data and the corresponding segmentations/workflow annotations were used as basis for the 
ROBUST-MIS challenge 20197 (https://phabricator.mitk.org/source/rmis2019/). According to the challenge 
results7, the performance of algorithms decreases as the domain gap between training and test data increases. 
In fact, the performance dropped by 3% and 5% for the binary and multi-instance segmentation respectively 
(comparison of stage 1 with stage 3). This confirms our initial hypothesis that splitting the data set as suggested is 
useful for developing and validating algorithms with a specific focus on their generalization capabilities.

Validation of surgical phase annotations. The phase annotations primarily serve as context informa-
tion, which is why we did not put a focus on their validation. However, the following study was conducted to 
approximate intra-rater and inter-rater agreement for phases.

To assess the quality of the phase annotations, we randomly selected 10 time points in each of the 30 proce-
dures resulting in n = 300 video frames. Then, we extracted a video snippet comprising 30 seconds before and 
30 seconds after the respective frame from the video. The frames were independently categorized by five expert 
surgeons with at least 6 years of surgical experience, including the surgeon who performed the phase definition 
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Fig. 5 Folder structure for the ROBUST-MIS challenge data set. It comprises five levels corresponding to (1) 
data type (training/test), (2) surgery type, (3) procedure number, (4) frame number and (5) case data.
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for our dataset in the first place, into the corresponding surgical phases according to our definition in Online-only 
Table 1. If the video snippet did not provide enough context to determine the phase, the surgeons reviewed the 
whole video.

For the statistical analysis, we compared the original annotation to the new annotation of the original rater 
(intra-rater agreement) and to the new annotation of the other surgeons (inter-rater agreement). Agreement 
between ground truth and raters was calculated as Cohen’s kappa which quantifies agreement between two raters 
adjusted for agreement expected by chance alone. Calculation of unweighted kappa (for nominal ratings) with 
a 95% confidence interval (CI) was made by SAS Version 9.4 (SAS Inc., Cary, North Carolina, USA). To assess 
agreement between all five raters Fleiss’ kappa for nominal ratings was performed with the function confIntKappa 
from the R package biostatUZH with 1,000 bootstraps (R Version 4.0.2, https://www.R-project.org). Values of 
kappa between 0.81 and 1.00 can be considered almost perfect. Intra-rater agreement between ground truth and 
new annotation by the original rater was 0.834 (CI 0.789–0.879) and inter-rater agreement between reference and 
each of the four other raters ranged from 0.682 (CI 0.626–0.739) to 0.793 (0.744–0.842). Accordingly, inter-rater 
agreement between reference and raters was at least substantial. Intra-rater agreement was almost perfect. Fleiss’ 
kappa for agreement of all 5 raters was 0.712 (bootstrap 95% CI 0.673–0.747).

The recorded data and the corresponding segmentations/workflow annotations were used as the basis for the 
Surgical Workflow Analysis in the sensorOR 2017 challenge (https://endovissub2017-workflow.grand-challenge.org/).

The following data set characteristics have been computed based on the video and frame annotations. Eight 
of the 13 phases occurred in all three surgical procedures. The median (min;max) number of surgical phase 
transitions for proctocolectomy, rectal resection and sigmoid resection was 19 (15;25), 20 (10;31) and 14 (9;30) 
respectively. The median duration of the phases is summarized in Table 3. As shown in Table 4, the number of 
instruments per frame ranges from 0–7, thus reflecting the wide range of scenarios that can occur in clinical prac-
tice. Most frames (>70% for all three procedures) contain only one or two instruments.

Limitations of the data set. A limitation of our data set could be seen in the fact that the phase annotations 
were performed by only a single expert surgeon. It should be noted, however, that the phase annotations merely 
served as context information while the segmentations, which were generated with a highly quality-controlled 
process, are in the focus of this work. Furthermore, we acquired data from only one hospital. This implies limited 
variability with respect to the acquisition conditions as only one specific endoscope and light source were used. 
Still, to our knowledge, the HeiCo data set is the only publicly available data set (1) based on multiple different 
surgeries and (2) comprising not only annotated video data but also sensor data from medical devices in the 
operating room.

Usage Notes
The data set was published under a Creative Commons Attribution-NonCommercial-ShareAlike (CC BY-NC-SA) 
license, which means that it will be publicly available for non-commercial usage. Should you wish to use or refer 
to this data set, you must cite this paper. The licensing of new creations must use the exact same terms as in the 
current version of the data set.

For benchmarking instrument segmentation algorithms, we recommend using the scripts provided for the 
ROBUST-MIS challenge (https://phabricator.mitk.org/source/rmis2019/). They include Python files for down-
loading the data from the Synapse platform and evaluation scripts for the performance measures used in the 
challenge. For benchmarking surgical workflow analysis algorithms, we recommend using the script provided on 
Synapse19 for the surgical workflow challenges.

Surgery type

Phase ID

0 1 2 3 4* 5 6 7 8** 9 10 11 12 13

Proctocolectomy 7 7 0 4 13 4 17 6 51 42 23 10 4 0

Rectal surgery 7 19 12 0 30 6 3 0 46 33 15 5 8 2

Sigmoid surgery 6 11 0 0 34 0 2 0 13 34 16 0 7 0

Table 3. Median duration of phases [min]. IDs are introduced in Online-only Table 1. *Phase 4 (mobilization 
of sigmoid colon and descending colon) is shorter for proctocolectomy because no oncological but tubular 
resection is performed. **Phase 8 (dissection and resection of the rectum) is shorter for sigmoid resection 
because only the proximal part of the rectum, but not the middle and distal part of the rectum are subject to 
removal.

Surgery type

Number of frames with n instruments

n = 0 n = 1 n = 2 n = 3 n = 4 n = 5 n = 6 n = 7

Proctocolectomy 450 (12.9%) 1,697 (48.6%) 1,063 (30.4%) 227 (6.5%) 54 (1.5%) 2 (0.1%) 0 (0.0%) 0 (0.0%)

Rectal surgery 714 (19.5%) 1,850 (50.4%) 917 (25.0%) 158 (4.3%) 21 (0.6%) 7 (0.2%) 0 (0.0%) 0 (0.0%)

Sigmoid surgery 650 (22.6%) 1,198 (41.6%) 827 (28.7%) 178 (6.2%) 24 (0.8%) 2 (0.1%) 0 (0.0%) 1 (0.0%)

Table 4. Number of instruments in annotated frames. Most frames (>70% for all three procedures) contain one 
or two instruments.
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To visualize the performance of an algorithm compared to state-of-the-art/baseline methods and/or algorithm 
variants, we recommend using the challengeR package20 (https://github.com/wiesenfa/challengeR) written in R. 
It was used to produce the rankings and statistical analyses for the ROBUST-MIS challenge7 and requires citation 
of the paper20 for usage.

Code availability
The data set can be used without any further code. As stated in the usage notes, we recommend using the 
scripts provided for the ROBUST-MIS and surgical workflow challenges (https://phabricator.mitk.org/source/
rmis2019/ and19) as well as the challengeR package20 (https://github.com/wiesenfa/challengeR) for comparative 
benchmarking of algorithms.
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