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Abstract

Surgical guidance can be delivered in various ways. In neurosurgery, spatial guidance and
orientation are predominantly achieved through neuronavigation systems that reference
pre-operative MRI scans. Recently, there has been growing interest in providing live guid-
ance by analyzing video feeds from tools such as endoscopes. Existing approaches, including
anatomy detection, orientation feedback, phase recognition, and visual question-answering,
primarily focus on aiding surgeons in assessing the current surgical scene. This work ex-
plores finer scale guidance, in particular providing guidance by forecasting the trajectory
of the surgical instrument, essentially trying to answer the question of what to do next?.
To the best of our knowledge, this work is the first attempt to address this task for man-
ually operated surgeries. Our approach leverages past locations of the surgical instrument
as well as the relevant anatomical features. We further account for variations in inferred
camera angles. For all these, we use a specialized detection model’s outputs from the same
video without relying on additional input or interaction. The underlying intuition is that
the anatomical context informs the surgeon’s next actions. The experiments on a compre-
hensive dataset containing pituitary surgery support this notion: we report an accuracy
of 62.41% by classifying the predicted direction into the four principal directions of move-
ment, compared to 53.25% using only the surgical instrument’s historical locations. This
demonstrates that anatomical features are a valuable asset in addressing this challenging
task. Our findings indicate that trajectory prediction is very limited when relying only
on the instrument’s past locations, but becomes noticeably more feasible when anatomical
context is incorporated. This represents an important early step toward more accurate
predictive models. The code will be released upon acceptance.
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1. Introduction

Surgical guidance is one of the hallmark problems in computed-aided interventions.
The main goal is simply to build algorithms to help the surgeon during the surgery. This
guidance can come in multiple forms, in neurosurgery the major ones being neuronavigation
and surgical action or phase recognition (Hértl et al., 2013; Orringer et al., 2012; Garrow
et al., 2021). While the former is crucial for helping surgeons orient themselves in the
anatomy, the latter can help the organization around the surgery as well as the training
of new surgeons. Both of these guidance forms have seen tremendous advances over the
last years. In this work, we explore and assess the possibility of a new form of guidance,
forecasting surgical tool movement. Related ideas have been explored in robotic surgery,
where kinematics are available and incorporated (Weede et al., 2011; Qin et al., 2020; Kim
et al., 2024; Saeidi et al., 2022). For manually operated surgeries, such forecasting could
be particularly valuable; however, kinematic data are not accessible as conventional surgi-
cal instruments are rarely tracked and lack the sensors required to measure their motion.
As a result, video-based methods remain the only practically obtainable source of motion
cues in manually operated procedures. Accordingly, our approach operates exclusively on
information extracted directly from the surgical video.

The forecasting problem can be coarsely defined as predicting the next movement of the
surgical tool. The first step towards this direction is simply predicting the next location
of the surgical tool. In the setting of surgical videos or video streams, this corresponds
to predicting the location of the surgical tool in the next video frames given the previous
ones. This is a narrower subproblem of the broader problem of predicting the surgeon’s next
action but it forms the first step. It can also be viewed as a narrower version of another
broader problem, forecasting frames in a video, which may not be necessary for navigation
purposes.

The applications of forecasting surgical tool movement can be multiple. First, it is a
natural next step for surgical guidance. It goes one step further than providing informa-
tion for self-orientation; it provides guidance towards how to move the surgical tool in a
given scenario. Moreover, one can automatically derive surgical patterns and best practices
from expert surgeons, leveraging vast video databases maintained by multiple institutions.
These algorithms could contribute to the training and guidance of less experienced sur-
geons, democratizing access to expert knowledge and potentially supporting developments
in autonomous surgical systems.

Recognition of surgical tools in surgical videos as well as recognition of surgical actions
being performed in a set of observed frames have received ample attention from the research
community. Advanced tools of today can make accurate predictions for both problems (Das
et al., 2024; Padoy, 2019). Forecasting, however, is arguably a much more challenging prob-
lem than these two. In particular, anticipating the next motion of a surgical instrument
requires modeling the behavior of an expert operator acting within a highly complex en-
vironment. A surgeon’s movements reflect the rapid integration of anatomical context,
procedural intent, and ergonomic constraints, all refined through extensive experience and
often manifested as implicit, non-verbalizable motor strategies. As a result, trajectory fore-
casting demands capturing both fine-grained spatial structure and latent aspects of expert
decision-making, making it substantially more difficult than standard recognition tasks.
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Advances in this problem, especially through the recent works in structure recognition and
detection (Staartjes et al., 2021; Sarwin et al., 2023, 2024), have opened up new opportuni-
ties towards tackling this challenging forecasting problem. Here, we build upon these recent
advances and, to the best of our knowledge, propose one of the first attempts to solving the
forecasting problem.

In this work, we propose a deep learning model that forecasts the surgical tool’s position
in subsequent frames from prior video frames. Motivated by the intuition that the visible
anatomy largely guides the surgeon’s next decision, the model integrates anatomical cues as
contextual features for trajectory forecasting. The model uses a very simple neural network
architecture to predict the location of a surgical tool in the next 8 or 16 frames given
the previous 64 frames. The model input can vary, the simplest being the location of the
surgical tool in the given frames. Here, we evaluate the forecasting accuracy using different
levels of information on the scene as input, including the location of the surgical tool, and
locations of anatomical structures as predicted by a detector (YOLO (Wang et al., 2023)),
which is trained on surgical videos. Our experimental results on pituitary surgery videos
suggest that the value of the anatomical features may be a key component towards solving
the forecasting problem.

2. Methods
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Figure 1: Overview of the proposed model pipeline. Frames extracted from a surgical video
are processed through an object detection network, which identifies and localizes
anatomical structures and surgical instruments across a sequence of frames. The
detections withing these sequences are then rotated to a centered reference view
using an additional encoder which approximates the orientation of the camera to
compensate for variations in camera angle. These modified detections are then
passed into an encoder to extract temporal features. Finally, the forecasting head
predicts the bounding box changes of the instrument for the next f frames.
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2.1. Problem Formulation and Approach

Let S; denote a sequence of endoscopic video frames x;_,.;, where s is the sequence length
and each frame x; € R**"** has width w, height h, and k channels. Our goal is to forecast
the change in the surgical instrument’s bounding box over the next f frames. Let the future
frame-to-frame changes be

T
Ab’{‘*'l:t‘*‘f = [Abtl+17 ce aAbl{_;_f} S wal,

where each bounding box is parameterized by its center (x,y) and width and height (w, h),
and [ indexes the surgical instrument class. Each Abf i denotes the change between frame
t+1¢— 1 and t + ¢ in the surgical instrument’s bounding box parameters.

The forecasting model operates on centered detections, an idealized representation in
which the anatomical structures and instrument are expressed under a canonical reference
camera pose. We use a prime (') to denote quantities represented in this centered reference
view. We first describe how centered detections are obtained and then how they are used
for prediction.

2.2. Object Detection and Camera-Angle Normalization

To identify the surgical instrument and anatomical structures, we apply YOLOv7 (Wang
et al., 2023) independently to each frame x; in the sequence. For each frame, the detector
produces raw detections

Ct = {Yt, bt}a

where y; € {0,1}" indicates the presence of n— 1 anatomical structures and the instrument,
and by € R™** contains the corresponding bounding boxes, normalized with respect to the
image size. Applying the detector across the sequence yields the detection set

Ci = csit-

Since the detections in C; are obtained under unconstrained endoscope orientations, we
normalize them to a canonical centered view. To estimate the orientation of each frame, we
employ the unsupervised framework of (Sarwin et al., 2024), which predicts pitch and yaw
deviations from the centered view. These predictions define a rotation matrix R; € R3*3
mapping reference-view detections to the current orientation.

Centered detections are obtained by applying the inverse rotation:

C,=R;'C,

yielding detections expressed in the canonical coordinate frame. The centered sequence C}
serves as the input to the forecasting network. An overview of the full pipeline is shown in
Fig. 1.

2.3. Future Instrument Location Prediction

Given the centered detections Cj, the forecasting model predicts the future bounding-box
changes

i Wi 7 1T
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The model parameters are optimized to ensure that the predicted changes match the
ground-truth changes over the prediction horizon. For the ¢-th frame in training video m,
the training loss is defined as

t+f B B
[*mt — Z ‘Abll o AB/I N R i <Vp,m,t:t+f7 Vg,m,t:t+f> (1)
v " 1Vpm tett £ 1| Vgmtett 1

where:

° Abgm = bgL,T - bg“_l is the ground-truth change in centered bounding-box values
between frames r — 1 and r,

. Af);ﬁyr = B;fw — B;ﬂﬂ,fl is the predicted change over the same interval,

® Vymti+f and Vo, 4 p denote the cumulative displacement vectors of the ground-
truth and predicted instrument motion across the prediction window. They are com-

puted as
+f t+f
— _ Abl] = _ A'E)/I
Vgm,t:t+f = m,rs Vpmtit+f = m,r
r=t+1 r=t+1

where each vector represents the total movement of the bounding-box center over
frames t+1:t+f, rather than instantaneous velocity, the subscripts g and p refer to
ground truth and predicted quantities, respectively,

e (-,-) denotes the dot product,
e || - || denotes the Euclidean vector norm,
e )\ is a weighting factor that balances the directional-consistency term,

e |- | denotes the element-wise L; loss.

The first term encourages accurate frame-to-frame changes of the bounding box pa-
rameters, while the second penalizes deviations in the overall movement direction of the
instrument across the prediction horizon. This prevents the model from producing locally
correct movements that diverge from the correct global trajectory. The total training loss
is computed by summing £,,; over all frames and videos.

2.4. Training and Label Generation

The detection and forecasting networks are trained on disjoint sets of videos. For training
the forecasting model, each sequence S,, ; is first passed through the detection network to
obtain the raw detections C;. These detections are then mapped to the canonical centered
view using the camera-angle normalization module, yielding the centered detections Cj,
which serve as inputs to the forecasting network.

Ground-truth changes Ab’é’t 41:44f ATE obtained automatically by applying the detector
to the future frames x4 1.4+ ¢ and transforming the resulting bounding boxes to the centered
view before computing frame-to-frame differences. These detections serve only to generate

labels; at inference time, the forecasting network does not access future frames.
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Finally, predicted bounding-box changes in the canonical view are rotated back to the
original camera orientation:

Ab! =R, Ab! .

3. Experiments and Results
3.1. Dataset

The medical dataset consists of 142 videos, each recorded during a unique pituitary surgery
(transsphenoidal adenomectomy) performed on a different patient. These videos, collected
over a 10-year period using various endoscopes and sourced from multiple centers, were
made available under general research consent. Expert neurosurgeons provided annota-
tions, identifying 16 classes in total: 15 representing distinct anatomical structures and one
representing surgical instruments. Generally, there is one instance of each anatomical class
per video, while multiple different instruments are grouped into a single instrument class.
Of the 142 videos, 77 were allocated for training and validation of the object detection
model, totalling approximately 10000 labeled images. The trained object detection model
was then used to detect anatomy and instruments in each frame of 57 videos, which were
used for training and validation of the model for surgical action forecasting. Finally, the
remaining 8 were set aside for testing, with all frames in these videos processed by the object
detection model to create the final test dataset. Although data originates from multiple
sites, potential biases may still arise due to the proximity of the sites.

3.2. Implementation Details

The YOLO network and the model which approximates the camera angles were trained
with identical parameters and implementations as reported in (Wang et al., 2023; Sarwin
et al., 2023) and (Sarwin et al., 2024).

The forecasting model integrates a transformer encoder comprising six transformer en-
coder layers, each with five attention heads. The input to the transformer encoder has a size
of s x n x 5, where s represents the sequence length, set to 64 frames, and n represents the
15 anatomical classes plus the additional surgical instrument class. Sinusoidal positional
encodings are applied to these inputs to retain the temporal dimension of the sequence,
and the transformer encoder output is fed through a series of three fully connected layers
with output dimensions of 512, 256, and 128, respectively, using ReLLU activation functions
between the layers. The final fully connected layer outputs a latent representation z; € R'6
with 16 dimensions.

The decoder is implemented as a single linear layer, designed to take the latent vec-
tor z; as input. This vector is processed through the layer to reach the final output of
predicted sequence length x 4, where each predicted vector describes the bounding box
changes.

The output consists of frame-to-frame changes in bounding box coordinates, rather than
absolute bounding box positions, to enable the model to effectively predict motion dynamics
over the sequence. To enforce consistent cumulative movement, the model incorporates the
direction-consistency term from the main loss (Eq. 1), which compares the cumulative
displacement vectors of the predicted and ground-truth trajectories using cosine similarity.
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For training, the AdamW optimizer (Loshchilov, 2017) is employed alongside a warm-up
scheduler, which linearly increases the learning rate from 0 to le-4 over 60 warm-up epochs,
and X\ was set to 0.5. The model is trained for a total of 75 epochs, and 150 for the task of
predicting the instrument trajectory in the next 8 and 16 frames, respectively.

3.3. Results

Object detection: The trained object detection network achieves a mean average preci-
sion mAPsg of 41.1%. More specifically, the average precision A Psg for the instrument class
equals 79.8%.

Evaluation metric: Due to the inherent uncertainty and variability in frame-to-frame
instrument motion, accurately predicting exact displacements remains highly challenging.
We therefore evaluate performance through a direction-classification metric, reflecting the
idea that reliably capturing the coarse movement direction is a critical precursor to precise
trajectory estimation. We classify the predicted direction of the instrument movement into
four principal directions: up, down, left, and right. The classification is based on the angular
range 6 of the movement, measured in degrees, and is defined as follows:

Up

135° 45°

Left Right

225° 315°

Down

Here, 0 is computed as the angle of the cumulative displacement vector of the predicted
bounding-box center over the forecast horizon.

Accounting for noise in ground truth movement: The ground truth motion of the
surgical tools was estimated using their bounding box locations predicted with the detection
network using the frames as input. These predictions contained jitter noise and this induces
noise in the ground truth movements for the surgical tools. While this noise is desirable for
training, since it adds to the robustness of the tool, it is detrimental to an accurate evalu-
ation of the performance. We therefore additionally evaluated the performance of the tool
for movements larger than a certain threshold, which are unlikely due to the jitter of the
predictions of the detection network. To this end, in order to filter out noisy movements, we
test movements of which the magnitude is greater than 0.1 and 0.05 of the image size, which
when considering a horizontal movement and an image size of 1920 x 1280, corresponds to
192 and 96 pixels respectively. The filtering resulted in around 27000 test samples for the
case of predicting 8 frames. These samples were then also used to generate the results of
the models that predict 16 frames.
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Model # Frames f
8 16
0.1 0.05 0 0.1 0.05 0
Centered Anatomy + Instrument 62.41 53.00 38.71 56.62 50.26 40.68
Anatomy + Instrument 61.39 51.97 38.30 57.20 50.50 40.90
Instrument 53.25 43.82 34.08 53.69 47.08 38.58
Random 24.70 2491 2497 2531 25.26 25.15

Table 1: Direction classification accuracy (in %) for forecasting the next 8 and 16 frames
under different model variants and movement thresholds. Random predictions are
shown as a baseline.

Forecasting results: The results in Table 1 provide a quantitative evaluation of the fore-
casting model under different configurations and prediction horizons. Across all thresholds
and both forecast lengths, incorporating anatomical detections improves direction classi-
fication accuracy compared to using instrument motion alone, indicating that anatomical
context contributes additional useful information for anticipating tool movement.

The effect of compensating for camera angles shows a mixed trend. For short-term
predictions (f = 8), centering the detections yields a modest improvement, suggesting
that reducing variability caused by camera motion can stabilize the forecasts over shorter
temporal windows. For longer predictions (f = 16), this benefit is not observed, which
may be due to accumulated drift in the estimated camera pose, reducing the effective-
ness of the compensation over extended sequences. As expected, accuracy decreases when
evaluating all movements (threshold 0), reflecting the increased ambiguity associated with
small displacements. Nevertheless, the anatomy-aware models consistently outperform the
instrument-only model across all threshold levels, demonstrating the robustness of the con-
tribution of anatomical cues. The random baseline performs near the expected accuracy
of 25%, confirming that all learned models are capturing meaningful structure in the data.
Qualitative results are visualized in Fig. 2.

Fig. 3 shows the directional confusion matrices for two forecasting settings (Ct. Anatomy
+ Instrument and Instrument, both with threshold 0.1). Incorporating anatomical context
leads to an increased accuracy compared to when using instrument motion alone, and yields
improvements in several movement classes, particularly for left and right directions. The
instrument only model seems to predominantly predict up and down movements, which
arguably correspond to the insertion and removal of the surgical tool. On the contrary,
the model that utilizes anatomy features shows improved performance for left and right
movements, reflecting an enhanced ability to capture more nuanced directional patterns.
This supports the notion that anatomical context offers complementary spatial information
that strengthens the coherence of the resulting forecasts.
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Ground Truth

Ct. Anatomy + Instrument

Anatomy + Instrument

Instrum

ent

Figure 2: Qualitative comparison of the forecasting models for an 8-frame prediction hori-
zon. Each predicted vector represents the overall displacement of the instrument’s
bounding-box center. Anatomy detections are shown in the ground-truth images.
The centered variant (second column) additionally compensates for camera ori-
entation by transforming detections to a learned reference view.
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Figure 3: Confusion matrices for directional forecasting when using anatomical context
(left) and instrument history alone (right). Incorporating anatomical informa-
tion increases overall accuracy (62.41% vs. 53.25%) and reduces the frequency of
large directional errors, with most misclassifications occurring toward neighbor-

ing directions.
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4. Conclusion and Discussion

We proposed a novel framework for forecasting surgical tool trajectories from endoscopic
videos by integrating anatomical structure detection with a transformer-based model. Our
results demonstrate that using only the instrument’s past locations provides insufficient
information for reliable trajectory prediction, whereas incorporating anatomical context
elevates the task into a feasible predictive setting.

Crucially, our approach enables unsupervised learning from expert demonstrations and
thereby could support democratizing critical surgical knowledge. With improved accuracy,
the model’s predictions could offer real-time suggestions that reflect expert best practices,
effectively guiding surgeons toward actions an expert would take.

However, several limitations must be acknowledged. The current framework does not
differentiate between different surgical instruments and only considers one tool even when
multiple are present. This is a notable restriction, as different instruments likely exhibit
distinct movement patterns and are used for different surgical intents. Furthermore, varia-
tions in camera angles and inherent noise in detection outputs introduce uncertainties that
impact the reliability of the predictions. In addition, the model predicts motion only in the
image plane, meaning that depth changes or out-of-plane movements cannot be captured
in its current form.

Our future work will focus on incorporating instrument classification, improving camera
compensation strategies, extending the approach to multi-tool situations, implementing an
autoregressive architecture, and incorporating visual features.

This work is a first step and we hope it will pave the way towards accurate forecasting
models and ultimately accurate guidance on the next surgical action.

10
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