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Abstract. Accidental injury to autonomic nerves during colorectal surgery
poses a considerable risk and can lead to urinary, defecatory, and sexual
dysfunction, substantially reducing the postoperative quality of life. This
study investigates the potential of Hyperspectral Imaging (HSI) for nerve
identification under realistic intraoperative conditions. We acquired la-
paroscopic HSI data from 13 patients undergoing colorectal surgery using
an HSI system that captured 100 spectral bands ranging from 500 nm to
995 nm. We performed pixel-level tissue classification using classical ma-
chine learning methods and compared the results with classifications on
conventional RGB images. The 3D-CNN achieved the best overall per-
formance across the dataset with a macro F1-score of 70.47 £ 11.69 and
nerve-specific precision and recall of 69.21 £ 25.68 and 70.70 £ 15.55, re-
spectively. Spectral analysis and feature importance assessment suggest
that wavelengths below 600 nm are most discriminative for nerve identifi-
cation. These results show that HSI data contain additional nerve-specific
spectral information beyond conventional white-light imaging and may
support safety-aware surgical assistance.

Keywords: Hyperspectral imaging - Autonomic nerve recognition - Col-
orectal surgery - Tissue classification - Deep learning

1 Introduction

Colorectal cancer is among the most prevalent malignancies worldwide, ranking
third in incidence and second in cancer-related mortality. In 2022, there were an
estimated 1.93 million new cases and 904,000 deaths globally [6]. For most pa-
tients with localized colorectal cancer, curative treatment is primarily based on
surgical resection. In this context, complete oncological removal of the primary
tumor with sufficient resection margins, including regional lymphatic drainage, is
essential to minimize the risk of local recurrence [1]. However, achieving adequate
oncological radicality while preserving organ function, particularly neurogenic
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function, presents a notable challenge. This issue is especially relevant in rectal
cancer surgery, where dissection is performed in close proximity to the pelvic
autonomic nerves, which are essential for urinary, defecatory, and sexual func-
tion. Accidental injury to them may result in functional impairment, including
urinary and fecal dysfunction [9]. Despite their functional importance, intraoper-
ative identification of these nerves remains difficult due to their small diameter,
interpatient variability in branching and anatomical course, and limited contrast
with surrounding tissues such as fat and loose connective tissue. Reliable nerve
identification may therefore require alternative imaging approaches besides con-
ventional white-light visualization that provide better tissue-specific contrast.

Hyperspectral imaging (HSI) is an imaging modality that captures spa-
tial information across many adjacent wavelengths, extending the visible range
(~400-700 nm) into the near-infrared (NIR) range (~700-2,500 nm). While it
is already well established in domains such as geosciences [23] and agriculture
[7], its practical adoption in surgery remains an emerging field.

This study aims to investigate whether HSI, in principle, can improve nerve
identification in laparoscopic colorectal surgery and therefore offer an advantage
over white-light imaging. For this purpose, we created an annotated intraoper-
ative HSI dataset for pixel-wise tissue classification and compared conventional
spectral classification approaches, such as Spectral Angle Mapper (SAM), with
machine learning techniques, including Support Vector Machine (SVM), XG-
Boost, and a 3D convolutional neural network (3D-CNN). This research ad-
dresses the challenge of nerve-sparing dissection in colorectal surgery and repre-
sents an initial step towards real-time safety-aware surgical assistance.

2 Related Work

Hyperspectral Imaging is a widely studied imaging modality for material charac-
terization through spectral decomposition. Used in geosciences and agriculture
[10], these approaches often rely on spectral libraries (e.g., the USGS Spectral
Library [15]) to identify materials in a scene. The notion of such reference sig-
natures provides a basis for classical unmixing techniques and learning-based
approaches for the identification of individual spectral bands, known as end-
members. In the surgical context, spectral libraries are not commonly employed.
Instead, most works rely on learning-based identification of structures and their
physiological tissue parameters. A prominent application is the estimation of
the oxygen saturation [5] or perfusion quality [17]. Beyond physiological assess-
ment, HSI has also been used for pathological tissue identification, including
the identification of diseased regions [8] and corresponding resection margins
in tumor tissue [18]. Further research has been conducted specifically on the
identification of nerves, including approaches that use physiological optical sig-
natures, such as the oxygen-related contrasts, for identifying the optic nerve
heads [12]. In controlled ex vivo settings, spectral characteristics of nerve tissue
have been investigated through hyperspectral assessment of biological compo-
nents [2]. Several studies progressed toward laparoscopic in vivo settings. In
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porcine models, for example, nerve identification has been conducted using con-
volutional neural networks without explicit endmember detection [3]. In human
surgical settings, early work has demonstrated the feasibility of spectral discrim-
ination of nerve tissue using characteristic hyperspectral features [21]. Later,
Kohler et al. demonstrated the possibility of differentiating the vagal nerve, a
major vital parasympathetic nerve, from adjacent structures [13]. Beyond the
use of hyperspectral imaging, nerve detection has been investigated using com-
plementary imaging modalities. Ultrasound-based approaches have been widely
proposed [11], while contrast-agent-based imaging has been explored for improv-
ing nerve tissue visibility [24]. Recent advances in computer vision have further
demonstrated the feasibility of detecting large neural structures [22] and their
identification in colorectal surgery after thorough dissection and isolation [14].
However, fine autonomic nerves substantially differ from more prominent nerves
in terms of their small caliber and branching anatomy, making the classification
task more challenging. Therefore, this work focuses on the identification of these
nerves under realistic conditions and compares classification performance on HSI
data with conventional RGB images. Additionally, we perform extensive spectral
analysis and feature-importance assessment to identify the most discriminative
wavelengths for nerve recognition.

3 Materials and Dataset

In this study, the TIVITA Mini (Diaspective Vision GmbH, Am Salzhaff, Ger-
many), a CE-certified hyperspectral camera system for minimally invasive surgery,
was utilized. This system employs a push-broom sensor that captures spatial and
spectral information line by line. The device covers a spectral range from 500 nm
to 995 nm with a 5 nm resolution, yielding 100 distinct spectral bands. Each scan
produces a hyperspectral data cube with dimensions of 720 x 540 x 100 pixels,
referred to as one acquisition throughout this work. Following image registra-
tion, the proprietary software provides an RGB image, the hyperspectral cube,
a reconstructed RGB image derived from the hyperspectral cube, and functional
tissue indices, including tissue oxygenation (StOs), organ hemoglobin (OHI),
near-infrared perfusion index (NIRPI), tissue water index (TWI), and tissue
lipid index (TLI). Due to its line-scanning acquisition, obtaining a complete hy-
perspectral cube takes approximately 5 s, during which camera or tissue motion
can cause spatial misalignment and motion artifacts.

A total of 13 patients undergoing colorectal surgery, either robotically using
the da Vinci Surgical System or laparoscopically, between 04,/2026 and 06/2026,
were included in this study. A summary of the patient characteristics is pro-
vided in Table 1. A total of 10 camera operators throughout the study were
tasked with intraoperative image acquisition. Two surgical steps were identified
as particularly suitable for capturing autonomic nerves. Early ligation of arterial
vessels supplying the respective colon segment, prior to any manipulations, is a
core principle in oncological resection. Subsequently, the colon is generously mo-
bilized off the retroperitoneum to allow a tension-free anastomosis later on. We
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identified this step as particularly relevant, since respective nerves closely follow
the course of the arteries. In addition, at this early stage of the operation, the
surgical field is mostly free of blood, providing purer nerve spectra. The second
step identified is after the resection of the colon, providing improved visibility
and wide access to the pelvic cavity, access that remains fairly difficult while the
specimen is still in situ. Within these two surgical steps, the decision of which
structures to capture was left to the surgeon, based on the anatomy exposed
at that moment. Intraoperative circumstances were largely governed by blood
contamination and adhesions from prior abdominal procedures. The resulting
124 acquisitions were annotated by medical experts using the CVAT annotation
tool on the reconstructed RGB images. Acquisitions with insufficient quality
were excluded from the dataset. In this regard, insufficient quality due to, e.g.,
motion artifacts or over- or underexposure was determined by whether reliable
annotation of nerve tissue was possible. Based on the anatomical relationships
of autonomic nerves in the abdomen and pelvis, we defined four classes of inter-
est: nerves, fat, blood vessels, and instruments. As shown in Table 2, not every
class is equally represented across all patients. Since nerve visualization was the
primary focus of our work, other tissue classes were annotated opportunistically
when present in the same acquisition, resulting in the shown class imbalance.
Eligible patients were 18 years of age or older and scheduled to undergo ei-
ther robotic or laparoscopic colorectal surgery at the TUM University Hospital.
All patients provided written informed consent prior to study participation. All
data were collected and processed in accordance with the study protocol No.
2025-249-S-CB as approved by the Ethics Committee of the TUM University
Hospital.

Table 1. Overview of patient and surgical characteristics.

Demographics

Age (years) 61 (35-85)
Sex (male/female) 8/5

BMI (kg/m?) 23.9 (18.7-37.1)

Perioperative characteristics
ASA classification (I/II/III/IV) |1 (7.7%) / 10 (76.9%) / 2 (15.4%) / 0 (0.0%)

Histology (malignant/benign) 6 (46.2%) / 7 (53.8%)
Approach (robotic/laparoscopic) 9 (69.2%) / 4 (30.8%)
Surgical procedure
Sigmoid resection 7 (53.8%)
Tleocecal resection 2 (15.4%)
Rectal resection 2 (15.4%)
Hartmann’s reversal 1 (7.7%)
Pouch resection 1 (7.7%)
Duration of surgery (HH:MM) 02:58 (01:42-05:30)
Blood loss (mL) 105 (20-300)

Hospital stay (days) 8 (4-19)
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Table 2. Quantitative dataset summary by class. Patient and acquisition counts are
not mutually exclusive across classes, and therefore do not sum to the total.

Class No. Patients No. Acquisitions No. Pixels
Nerve 13 80 564,423
Fat 12 63 1,136,432
Blood vessel 12 36 72,919
Instrument 11 48 953,636
Total 13 124 2,727,410

4 Methodology

4.1 Processing Pipeline

Prior to model training, the hyperspectral data cubes were preprocessed to re-
duce noise and inter-patient variability. First, a Gaussian filter with o = (1,1, 0)
was applied in the spatial dimensions. Consequently, smoothing was performed
across neighboring pixels in the image plane, reducing local spatial noise with-
out averaging between different wavelengths. After spatial smoothing, standard-
normal-variate (SNV) normalization [4] was applied pixel- and cube-wise. Both
approaches center the respective data to a mean of 0 and scale it to unit standard
deviation, emphasizing relative spectral signature rather than absolute intensity.

4.2 Models

We employ well-known models for pixel-wise classification. Specifically, we em-
ploy a Support Vector Machine with a Radial Basis Function (RBF) kernel and
a squared L2-regularization parameter C' = 30. A Random Forest (RMF) clas-
sifier is trained with a minimum of 10 pixels required for node-splitting and 10
pixels required at leaf nodes. Other than that, the default values of the frame-
work apply. For gradient-boosted decision trees, we use the XGBoost algorithm
with a learning rate of 0.08, a maximum depth of 6, and a softmax objective for
multi-class classification. In addition, we train a small Multi-Layer Perceptron
(MLP) with a single hidden layer of five neurons and ReLU activation.

To extend our experiments to local spatial context, we further employ a 3D
convolutional neural network (3D-CNN), following the approach of previous work
[3]. The network processes local spatial patches of size 9x9x 100 and passes them
through four 3D convolution blocks and finally through adaptive average pooling.
This sequentially reduces spatial-spectral dimensions, resulting in a flattened
128-dimensional feature vector. The feature vector is then classified using a fully
connected layer with 128 hidden units for center-pixel tissue classification.

Apart from these learning-based approaches, we employ the Spectral Angle
Mapper [16], which measures the angle between spectra of each pixel. Smaller
spectral angles indicate higher spectral similarity.
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Fig. 1. Exploratory analysis of the labeled pixel spectra.

4.3 Experimental Setup

The evaluated models were trained and validated using a leave-one-patient-out
cross-validation (LOPOCV) scheme. In each fold, data from one patient were
held out for validation while the remaining patient data were used for training.
The dataset exhibits substantial class imbalance in terms of both the overall
number of spectra per tissue class and the distribution of spectra across patients
(see Table 2). To address this, a patient-aware, class-balanced undersampling
strategy was applied to the training set of each cross-validation fold, setting the
target number of pixels to the size of the smallest class. For each class, pixels
were drawn as uniformly as possible from all contributing patients to ensure
that no single patient dominated the training data. When individual patients
did not provide enough pixels to meet their quota, the remaining pixels were
drawn from unused spectra of the same class. Notably, no undersampling was
applied to the validation set. All models were implemented using scikit-learn
[20] and PyTorch [19] and trained on an NVIDIA L40S GPU. Model selection
was based on validation performance. For the best-performing model, we report
the macro-averaged precision (mAP), recall (mAR), and F1 score (mAF1) across
all tissue classes. Additionally, since nerve identification is the primary task, we
report class-specific precision (P) and recall (R) separately.

5 Results

5.1 Spectral Analysis

To assess whether the four tissue classes carry separable spectral signatures,
and to identify which wavelengths drive that separation, we performed an ex-
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ploratory analysis of the labeled pixel spectra prior to model training, with
results summarized in Fig. 1. Accordingly, the dataset was preprocessed as de-
scribed in Section 4.1, allowing the analysis to focus on spectral shape instead
of absolute intensity. We first visualized the global structure of the data with
a two-dimensional t-SNE embedding of the per-pixel spectra, colored by tissue
class (Fig. 1a). Classes form largely coherent regions in the embedding, indi-
cating that the tissue types are distinguishable in the spectral domain, while
partial overlap between certain classes reflects their physiological similarity and
the inter-patient variability inherent to in vivo surgical imaging. To localize
separability along the spectral axis, we examined three complementary per-
wavelength perspectives in Fig. 1b: class-mean spectra, ANOVA F-statistics,
and PCA-based importance scores. The class means provide an intuitive refer-
ence for where spectral differences arise, while the ANOVA F-statistic quantifies
class discriminability by comparing between-class and within-class variance. In
parallel, PCA loadings (aggregated and variance-weighted across the first five
components) capture the wavelengths that contribute most to overall spectral
variation. Together, these metrics reflect different aspects of informativeness.
ANOVA highlights class-specific differences, whereas PCA identifies dominant
sources of variance. Wavelengths scoring highly in both methods are therefore
the most reliable for classification, with both methods pointing to wavelengths
below 600 nm.

5.2 Machine Learning Results

Table 3 summarizes a quantitative comparison of the evaluated approaches.
Overall, the 3D-CNN performs best across all metrics, followed by RMF and
XGBoost with the second-best performance. Notably, all machine learning-based
methods show superior performance over the SAM baseline. SAM usually relies
on pure spectra as endmembers. In our case, no human supervision was in-
volved in selecting endmembers, resulting in a heterogeneous reference subset.
For the clinically relevant nerve class, the 3D-CNN achieved the highest precision
(69.21 + 25.68) and recall (70.70 £ 15.55). The relatively large standard devi-
ations across all tested methods suggest considerable variability between folds.
The row-normalized confusion matrix in Fig. 2b shows the class-wise predictions
of the 3D-CNN over all LOPOCYV validation folds. Table 4 shows the comparison
between 3D-CNN performance on HSI, conventional white-light images, and a
stack of handcrafted hyperspectral indices. To qualitatively assess the prediction
accuracy, pixel-wise inference was performed using the best-performing model
(3D-CNN) and subsequently overlaid as color-coded masks on the reconstructed
RGB image (Fig. 3). The image shows the laparoscopic view during a sigmoid
resection at the level of the iliac axis, with autonomic nerve fibers coursing over
the left common iliac artery. Overall, the model correctly delineates nerve tissue
in blood-contaminated regions, while smaller blood vessels are falsely classified
as neural structures, consistent with the confusion matrix (Fig. 2b). At batch
size 1, inference achieved 2,292 patches/s with 0.44 & 0.03 ms latency per patch,
while batch inference achieved up to 74,700 patches/s (batch size 256).
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Table 3. Classification performance across all LOPOCYV validation folds. Values show
mean =+ standard deviation.

Model mAP T mAR T mAF1 T Pnerve T Rnerve T

SAM 55.89 £ 09.79 64.18 £+ 13.65 52.94 £ 09.67|52.32 £ 25.67 36.79 £ 19.46
SVM 62.76 £ 11.64 71.17 +11.41 62.97 £ 11.96|59.15 + 26.26 59.49 4 19.95
RMF 65.36 £ 10.95 71.51 4 13.36 64.63 & 12.59|63.74 & 28.36 59.69 £ 23.84
XGBoost|64.32 +10.46 72.13 £+ 12.76 63.89 4+ 11.88(64.71 4+ 28.61 57.15 + 22.11
MLP 61.94 £ 10.13 72.02 4+ 11.44 61.79 £ 10.82|61.56 £ 29.48 52.98 4+ 19.99
3D-CNN [69.80 4+ 12.25 76.18 +09.43 70.47 £+ 11.69(69.21 + 25.68 70.70 4+ 15.55

a b

Predicted class

Nerve - 0.69 0.19 0.08 0.04

Fat - 0.13 0.00 0.01

SSe[D [enjoy

Blood Vessel - 0.21 0.04 0.74 0.01

Permutation importance

AN Man

Instrument - 0.05 0.00 0.00

500 600 700 800 900 1000 ' ' ' |
Wavelength (nm) Nerve Fat  Blood Vessel Instrument

Fig. 2. a Permutation importance, showing the contribution of each wavelength to the
classification performance. b Confusion matrix summed over all validation folds for the
best-performing model (3D-CNN) with row-wise normalization applied.

Table 4. Best-performing model (3D-CNN) across different input modalities. IDX
denotes the stack of handcrafted hyperspectral indices consisting of NIRPI, OHI, StOa,
TLI, and TWI. Reported values are the mean and standard deviation across all folds.

Modality mAP T mAR T mAF1 T Pnerve T Rnerve T

IDX 64.96 £ 11.76 72.70 £ 10.74 64.80 £ 10.76(62.40 & 25.66 59.59 + 21.63
RGB 66.68 £ 11.77 73.49 4+ 10.81 66.44 £+ 12.18(69.91 + 25.23 66.58 £ 11.04
HSI 69.80 £ 12.25 76.18 +09.43 70.47 £ 11.69(69.21 £ 25.68 70.70 & 15.55

5.3 Feature Importance

The permutation importance gives a notion of how strongly a single wavelength
contributes to the final classification performance. It was computed fold-wise
using the best-performing trained 3D-CNN model on a random subset of 5,000
foreground and background pixels. For each wavelength, the reflectance value
was randomly shuffled, and the resulting change in the Fl-score was observed,
while the other wavelengths remained unchanged. The average results over all
folds are visualized in Fig. 2a, showing the highest permutation importance for
wavelengths below 600 nm.
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Nerve
— Fat
— Blood Vessel

— Instrument.

Fig. 3. a Laparoscopic view as seen by the surgeon. b Reconstructed RGB image with
prediction overlay highlighting autonomic nerves, blood vessels and fat.

6 Discussion and Conclusion

The results demonstrate that HSI-based nerve identification improves over con-
ventional white-light imaging (Table 4). Overall, the 3D-CNN performs best
across all metrics, suggesting that local spatial context might hold crucial infor-
mation for center pixel classification. All methods show a high variance across
all patients. This may arise from differences in surgical settings such as surgeon-
dependent tissue exposure, camera handling, or varying anatomical conditions.
The results further show that the nerve class was primarily misclassified as fat,
which is plausible from an anatomical and biochemical standpoint. Autonomic
nerves in the pelvis are, to a large extent, embedded in surrounding fatty tissue.
Furthermore, as shown in [21], adipose and nerve tissue both contain lipids and
proteins, though in different proportions, that may contribute to overlapping
spectral signatures. These findings should, however, be interpreted in the light
of a relatively small cohort size (n=13). Larger, potentially multi-center studies
will be required to overcome inter-patient variability and to increase generaliz-
ability. Additionally, the utilized HSI setup, due to its line-scanning technique,
does not allow for real-time imaging. Further work on snapshot hyperspectral
imaging setups could enable real-time acquisition and reduce motion artifacts. In
conclusion, this exploratory study demonstrates the potential of HSI-based nerve
identification over conventional white-light imaging in realistic surgical settings
where moisture, blood contamination, and glare may obscure visual assessment.
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