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Abstract

Accurate 3D reconstruction of small, highly reflec-
tive surgical instruments underpins robust perception
and safe operation in robot-assisted surgery. Tradi-
tional multi-view reconstruction methods often fail to
capture subtle geometry and view-dependent reflec-
tions. Motivated by recent advances in Neural Radi-
ance Fields (NeRF), we explore their potential for re-
constructing surgical instruments, where photorealistic
rendering serves as an indicator of 3D surface fidelity.
However, conventional NeRFs require dense per-scene
training, lack cross-scene generalization capability, and
struggle with specular highlights and fine structures,
posing limitations that are particularly problematic in
robot-assisted surgery. To address these challenges,
we propose Generalizable NeRF with View-Aware Fea-
ture Modulation (GNFM), which extends the General-
izable NeRF Transformer (GNT) with two novel mod-
ules: a Joint Multiresolution Hash Encoder (JMHE) for
joint spatial and directional encoding, which enhances
surface detail and fine-structure recovery, and a View-
Conditional Feature-wise Linear Modulation (V-FiLM)
that adaptively modulates features according to view-
ing direction to improve the rendering of specular and
view-dependent effects. We also introduce the Reflective
Surgical Instrument Dataset (RSID), which consists of
8 synthetic categories with 2,400 multi-view images and
6 real surgical instruments. Experiments demonstrate
that GNFM improves the recovery of fine structures and
the rendering of specular surfaces, achieving approx-
imately 5% improvements in evaluation metrics such
as PSNR, SSIM, and LPIPS over competitive baselines
while maintaining comparable computational efficiency.
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This provides a practical framework for robust percep-
tion in robot-assisted surgery. The dataset and code are
available at https://h-ci.github.io/GNFM/.

Keywords: Neural radiance fields, Transformer, Surgi-
cal instruments, Specular rendering

1. Introduction

Robot-assisted surgery requires accurate perception of
surgical scenes to ensure safety and enable intelligent
decision-making. Among these requirements, 3D recon-
struction of surgical instruments plays a central role by of-
fering essential data support for precise manipulation [43,
48] and intraoperative guidance [3, 14]. However, un-
like common reconstruction targets such as architectural or
natural scenes, surgical instruments present unique chal-
lenges. First, their small volume and fine structures in-
clude thin edges, sharp tips, and grooves that are diffi-
cult to recover with conventional approaches [28]. Second,
their highly reflective surfaces, often stainless steel or pol-
ished alloys, produce strong view-dependent appearances
that violate Lambertian assumptions [39, 22]. Third, clin-
ical constraints such as complex illumination and limited
viewpoints further aggravate the difficulty [44].

Traditional multi-view stereo (MVS) [46, 38, 5] and
voxel-based reconstruction methods [42, 24] have been
widely used for general 3D reconstruction tasks. How-
ever, these approaches rely on Lambertian surface assump-
tions and uniform lighting, which often fail when dealing
with small instruments containing intricate structures and
strong specular reflections. In particular, fine geometri-
cal details such as grooves or thin edges are difficult to
recover, and view-dependent appearances are often com-
pletely lost. Recent non-neural efforts partially alleviate
these issues via multi-view photometric-stereo and its deep
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variants [53, 11], or by polarization and structured-light
sensing that helps disambiguate specular reflections [10].
However, such approaches usually require controlled light-
ing or extra hardware, limiting their practicality in robot-
assisted surgery.

Neural rendering [30, 6, 31], and specifically Neural Ra-
diance Fields (NeRF) [18], offers a promising alternative
by representing 3D scenes implicitly and learning continu-
ous volumetric radiance from images. NeRF and its vari-
ants can capture view-dependent effects and produce high-
fidelity novel views. Mip-NeRF [1] introduces a scale-
aware formulation that employs conical frustums and inte-
grated positional encoding to reduce aliasing and better rep-
resent multi-scale detail. Ref-NeRF [32] structures view-
dependent appearance and explicitly decomposes diffuse
and specular components, thereby improving reflective-
object rendering. More recent works [15, 9] address chal-
lenging specularities through specialized directional encod-
ings or reflection-aware rendering strategies, such as Gaus-
sian directional encoding and reflection tracing.

However, most NeRF-based methods remain scene-
specific and require retraining for each new object [36, 34],
which severely limits their generalization across instru-
ments or surgical scenarios. Recent studies on generalizable
NeRF variants, such as PixelNeRF [50], IBRNet [36], and
the Generalizable NeRF Transformer [34], have achieved a
certain degree of generalization to unseen scenes. However,
these methods are mainly evaluated on large objects with
low reflectivity. When applied to small surgical instruments
with intricate geometry and strong specular reflections, they
suffer from significant performance degradation. The main
causes include limited ability to recover fine-grained ge-
ometry, inadequate modeling of view-dependent reflections,
and the lack of validation on small, highly reflective instru-
ments [32, 15, 34].

To enable NeRF generalization in this small, specular
object regime, two key challenges must be addressed. First,
cross-scene reconstruction needs a compact yet expressive
code to preserve tiny structures and specular cues, but con-
ventional sinusoidal encodings often lose high-frequency
details. Second, viewpoint-dependent appearance must
adapt without distorting geometry. Simple concatenation
of position and direction features tends to entangle geom-
etry and appearance, while explicit reflectance decomposi-
tion relies on brittle assumptions [32].

To deal with these problems, in this paper, we propose
Generalizable NeRF with View-Aware Feature Modulation
(GNFM), a framework tailored for reflective surgical instru-
ment rendering. GNFM follows a two-stage generalizable
NeRF pipeline and augments the feature encoding stage
with two lightweight modules: the Joint Multiresolution
Hash Encoder (JMHE) module and the View-Conditional
Feature-wise Linear Modulation (V-FiLM) module. The

JMHE module jointly hashes positions and viewing di-
rections to form an efficient multi-scale embedding that
preserves fine geometry and specular cues across scenes.
The V-FiLM module modulates the positional hash features
based on viewing direction, producing smooth and consis-
tent responses across viewpoints without altering the sam-
pling or interpolation process. By integrating directional
information directly into positional features during encod-
ing, GNFM eliminates the need to explicitly concatenate di-
rectional encodings, while strengthening NeRF’s ability to
handle small, highly reflective objects; as a result, it recon-
structs accurate geometry and renders realistic novel views
for previously unseen instruments.

For comprehensive evaluation, we construct the Reflec-
tive Surgical Instrument Dataset (RSID), a high-fidelity
benchmark covering eight synthetic instruments and six
real-world surgical tools with diverse geometries, illumi-
nations, and camera poses. We adopt Peak Signal-to-
Noise Ratio(PSNR), Structural Similarity Index Measure
(SSIM)[40], and the Learned Perceptual Image Patch Sim-
ilarity (LPIPS)[51] as evaluation metrics. On the unseen-
instrument setting without finetuning, GNFM achieves an
average improvement of +3.65 dB in PSNR, +0.010 in
SSIM, and a reduction of about 32% in LPIPS compared
with the strongest generalizable baseline GNT[34]. These
results highlight the robustness of GNFM in cross-scene
generalization.

The main contributions of this work are summarized as
follows:

• We propose a generalizable NeRF framework(GNFM)
tailored for rendering small, highly reflective surgical
instruments, which enables accurate 3D reconstruc-
tion and realistic novel view synthesis across diverse
scenes.

• We propose a joint feature modulation mechanism
that integrates the Joint Multiresolution Hash En-
coder (JMHE) and the View-Conditional Feature-
wise Linear Modulation (V-FiLM), which captures
fine geometrical details and robustly represents view-
dependent reflections.

• We propose the Reflective Surgical Instrument Dataset
(RSID), a high-quality dataset designed for bench-
marking reflective surgical instrument reconstruction,
which facilitates quantitative evaluation of cross-scene
generalization.

• We conduct comprehensive experiments, which
demonstrate superior performance and cross-scene
generalization compared to existing methods.



2. Related Works

2.1. Classical 3D Reconstruction Methods

Classical geometry-based approaches, such as multi-
view stereo (MVS) [46, 38, 5] and voxel-based reconstruc-
tion [42, 24], have formed the foundation of 3D reconstruc-
tion for decades. These methods typically assume Lamber-
tian reflectance and rely on photometric consistency across
views. While effective for diffuse or large-scale objects,
they often fail to capture fine geometrical structures, for
example, thin edges and grooves, and struggle with spec-
ular surfaces, which are ubiquitous in surgical instruments.
Recent variants, such as photometric-enhanced MVS [37]
and hybrid SfM–MVS pipelines [19], attempt to mitigate
these limitations by leveraging shading cues, regularization,
or more flexible matching schemes. However, their robust-
ness under severe view-dependent reflection remains insuf-
ficient, limiting their applicability in surgical scenarios.

Beyond MVS, other traditional techniques have been ex-
plored to improve robustness against reflective or poorly
textured regions. Shape-from-shading [52] and photomet-
ric stereo [41] exploit illumination cues to refine geometry,
but these methods often require carefully controlled lighting
setups that are unrealistic in clinical contexts. Polarization-
based imaging [13, 20] and structured-light scanning [7]
have also been employed to disambiguate specular high-
lights or capture fine surface detail. Nevertheless, such ap-
proaches generally depend on specialized hardware, which
limits their adoption in robotic surgery where space and
equipment are constrained.

Recent years have also seen attempts to integrate deep
learning into traditional pipelines. For example, deep-
MVS frameworks [46, 8] replace handcrafted matching
with CNN-based cost volumes, achieving stronger gener-
alization on textured scenes. Uncertainty-aware MVS [11]
and transformer-based stereo [45] further enhance robust-
ness by modeling confidence or global context. However,
despite these improvements, such methods remain sensi-
tive to specular reflections and cannot fully recover the fine-
grained details of surgical instruments.

2.2. NeRF-based Models for Reconstruction

The emergence of neural implicit representations has
introduced a new paradigm for joint geometry and ap-
pearance modeling. Neural Radiance Fields (NeRF) [18]
learns a volumetric radiance field that maps spatial posi-
tions and viewing directions to density and color, enabling
high-fidelity novel view synthesis. Extensions such as Mip-
NeRF [1] reduce aliasing and enhance multi-scale represen-
tations, whereas efficiency oriented approaches like Instant-
NGP [21], PlenOctrees [49], Plenoxels [4], and KiloN-
eRF [26] accelerate training and inference using voxel
grids, explicit sparsity, or decomposed MLPs. Despite their

practicality, these methods remain scene specific and fail to
address the reflective and small scale characteristics of sur-
gical instruments.

2.3. Specularity-Aware and Hybrid NeRF Extensions

Another major direction targets reflectance modeling.
Reflection-aware methods such as Ref-NeRF [32] and
Spec-NeRF [15] explicitly decompose diffuse and specu-
lar components, while NeRF-W [17] and Urban-NeRF [27]
separate appearance variations due to illumination in out-
door scenes. More advanced designs include Normal-
NeRF [29], which leverages transmittance-gradient normals
for disambiguation on reflective surfaces, TraM-NeRF [9],
which integrates reflection tracing, and NeRF-Casting [33],
which explicitly casts reflection rays to enforce view-
dependent consistency. Hybrid neural field strategies such
as UNISURF [23], VolSDF [47], and NeuS [35] unify im-
plicit fields with explicit surface priors to refine geometry.
While these methods advance reflectance handling, they are
mostly validated on macroscopic or moderately reflective
scenes, rather than the highly specular, fine-grained instru-
ments studied here. Moreover, these reflection oriented and
hybrid approaches remain scene specific and require retrain-
ing for each new object, limiting their applicability to gen-
eralizable reconstruction tasks.

2.4. 3D Gaussian Splatting and Explicit Representations

Apart from NeRF-based implicit fields, recent progress
in explicit neural scene representations has introduced 3D
Gaussian Splatting (3DGS) [12]. By representing a scene
as a set of anisotropic gaussian primitives, 3DGS achieves
impressive real-time rendering efficiency and high visual fi-
delity in large-scale, mostly diffuse environments. How-
ever, its discrete point-based formulation struggles with
small-scale or highly reflective objects, where unstable opti-
mization and fragmented highlights often occur. Moreover,
explicit gaussian primitives are less effective at modeling
continuous specular variations or subtle reflectance transi-
tions. In contrast, implicit volumetric fields as used in NeRF
inherently provide a continuous representation of geome-
try and appearance, which better accommodates the com-
plex specular effects found in surgical instruments. Never-
theless, both implicit and explicit neural field formulations
remain constrained by scene specific training and lack the
ability to generalize across different objects or lighting con-
ditions, motivating research on generalizable NeRF archi-
tectures.

2.5. Generalizable NeRF Variants

To overcome scene specificity, generalizable NeRF fam-
ilies such as PixelNeRF [50], IBRNet [36], and the Gener-
alizable NeRF Transformer (GNT) [34] condition radiance
field learning on image features extracted from multiple



views, enabling cross-scene inference without retraining.
More recent efforts such as GANESH [16] enhance general-
ization via meta-learning, while others focus on specularity-
aware priors or reflection tracing. However, these gener-
alizable models are predominantly validated on large-scale
or moderately reflective objects, and remain insufficient for
reconstructing small surgical instruments with intricate ge-
ometry and strong specularities.

In summary, existing approaches have substantially ad-
vanced 3D reconstruction across both classical and neural
paradigms. Classical pipelines provide a strong foundation
but are fundamentally limited by Lambertian assumptions
and controlled illumination requirements. NeRF-based
methods achieve high visual fidelity but remain scene-
specific, while specularity-aware and hybrid extensions im-
prove reflectance modeling but at high computational cost
or only for large-scale scenes. Generalizable NeRFs reduce
retraining costs yet lack robustness in the small and specular
domain. This gap motivates our GNFM framework, which
explicitly targets the dual challenges of fine-grained geom-
etry recovery and robust cross-scene generalization for re-
flective surgical instruments.

3. Methods

3.1. Preliminary and Problem Formulation

3.1.1 Generalizable NeRF Transformer (GNT)

The Generalizable NeRF Transformer (GNT) [34] is a
NeRF-based framework that enables generalization to un-
seen scenes through a pre-trained model. It operates
through two key stages. First, for a given target view,
GNT selects relevant source views and extracts epipolar-
aligned point features using a trainable U-Net–like image
encoder. These features are subsequently aggregated by the
View Transformer to construct a 3D coordinate-aligned fea-
ture field. Second, the Ray Transformer aggregates point-
wise features sampled along each ray in the target view and
directly predicts the corresponding pixel color. This feed-
forward design allows GNT to generalize across scenes
without per-scene retraining, making it a strong baseline for
building our framework.

View Transformer. The View Transformer in the Gen-
eralizable NeRF Transformer (GNT) framework constructs
a coordinate-aligned 3D feature field from multiple input
views. Unlike the vanilla NeRF, which parameterizes a ra-
diance field via an MLP and optimizes it separately for each
scene, GNT formulates a feed-forward mapping from input
images to a latent 3D feature field:

F (x) = V (x; I1, . . . , IN ), (1)

where x ∈ R3 is a 3D location, (I1, I2, ..., IN ) are the
source images, and F (x) ∈ Rd denotes the latent feature

vector at position x. This feed-forward formulation maps
multi-view image evidence into a unified scene represen-
tation and maintains permutation invariance with respect to
the order of input views. This property ensures that the con-
structed feature field depends solely on the visual content,
rather than the arbitrary arrangement of source views.

Concretely, each source image Ii is processed by an im-
age encoder to extract multi-scale feature maps:

Fi = ImageEncoder(Ii) ∈ RH×W×d, (2)

where H and W denote the spatial dimensions, and d rep-
resents the number of feature channels. For a 3D sample
point x on a target ray r = (o,d), we project x onto the
i-th image plane using the camera intrinsics and extrinsics,
denoted as πi(x), and extract the corresponding per-view
feature through bilinear interpolation:

fi = Fi

(
πi(x)

)
∈ Rd. (3)

The View Transformer aggregates the sampled per-view
features {f1, f2, ..., fN} into a single coordinate-aligned
feature vector using a transformer encoder:

F (x,d) = ViewTransformer
(
{f1, f2, ..., fN},PE(x,d)

)
,

(4)
where PE(x,d) denotes the positional encoding that in-
corporates the 3D coordinate, viewing direction, and rela-
tive directions of source views. Two implementation de-
tails are important: (i) the transformer is made epipolar-
aware by restricting attention to pixels lying on correspond-
ing epipolar lines across source views, which substantially
reduces memory cost and injects geometric priors; (ii) the
transformer can implicitly detect occlusion and selectively
weight visible views, behaving similarly to stereo-matching
aggregation. The output F (x,d) provides a geometrically
consistent, multi-view conditioned latent descriptor for each
3D location.

Ray Transformer. Rendering proceeds after obtaining
coordinate-aligned point-wise features F (x), where the
goal is to compose feature samples along each camera ray
into the final pixel color representation. The Generalizable
NeRF Transformer (GNT) replaces the classical volumetric
integration with an attention-based aggregation mechanism
implemented by the Ray Transformer. For each camera ray
r = (o,d), a set of m sample points is drawn uniformly
between the near and far planes:

xi = o+ ti d, i = 1, . . . ,m, (5)

Each sampled point xi yields a feature token F (xi), which
is concatenated with the corresponding positional and view
encodings before being fed into the Ray Transformer. The



Ray Transformer processes the ordered sequence of point-
wise features and models inter-sample dependencies using
multi-head self-attention:

Z1:m = RayTransformer
(
F (x1), . . . , F (xm)

)
, (6)

where Z1:m represents the transformed feature tokens along
the ray. A pooled ray representation, obtained via mean
aggregation of the output tokens, is passed through a
lightweight MLP to predict the final RGB color:

C(r) = MLP
(
Mean

(
Z1:m

))
. (7)

Eqs. (6–7) summarize the feature-space rendering process.
Conceptually, the attention weights learned by the Ray
Transformer act analogously to transmittance or blending
coefficients in classical volume rendering, adaptively deter-
mining how point-wise features contribute to the final color.
The learned aggregation implicitly captures occlusion rea-
soning, surface smoothness, and view-dependent illumina-
tion, allowing the model to represent complex light trans-
port effects, including specular highlights, directly within
the latent feature composition. The entire pipeline remains
fully differentiable and supports end-to-end optimization of
both the image encoder and transformer modules.

3.1.2 Problem Formulation

Given a set of N input images {Ii}Ni=1 of a reflective surgi-
cal instrument, each associated with known camera param-
eters {Pi}Ni=1, our objective is to synthesize photorealistic
novel views of unseen instruments under arbitrary camera
poses.

This problem is particularly challenging because reflec-
tive surgical instruments are characterized by small phys-
ical scales, intricate geometric details, and strong view-
dependent specular reflections. These factors make both tra-
ditional geometry based reconstruction and scene specific
neural rendering methods inadequate for achieving reliable
performance.

3.2. Method Overview

An overview of the proposed Generalizable NeRF with
View-Aware Feature Modulation (GNFM) is presented
in Fig. 1. The architecture retains the two-stage paradigm
of GNT: (a) the View Transformer aggregates coordinate-
aligned epipolar features X from source views under geo-
metric constraints, and (b) the Ray Transformer composes
point-wise features along each ray into aggregated ray de-
scriptors X0 for predicting target pixel colors. To better pre-
serve the fine structural details of reflective surgical instru-
ments, we introduce two lightweight yet effective modules:
(i) the Joint Multiresolution Hash Encoder (JMHE) and (ii)

the View-Conditional Feature-wise Linear Modulation (V-
FiLM), which jointly enhance feature encoding by integrat-
ing spatial and directional features cues. These modules are
seamlessly integrated into the feature encoding stage, re-
sulting in enhanced robustness and rendering fidelity with-
out sacrificing computational efficiency.

Specifically, the JMHE explicitly couples spatial posi-
tions and viewing directions within a multi-resolution hash
encoding, enabling the model to capture both fine-grained
geometric details and view-dependent reflective effects.
The V-FiLM further applies a smooth, feature-wise modula-
tion conditioned on the view direction, allowing continuous
adaptation of feature responses to effectively model reflec-
tive and anisotropic surfaces. Together, these modules sub-
stantially enhance the representational power of the base-
line, particularly when reconstructing small-scale, highly
specular surgical instruments.

3.3. Joint Multiresolution Hash Encoder

We propose the Joint Multiresolution Hash Encoder
(JMHE), a compact and efficient multi-resolution hash en-
coding that jointly embeds spatial positions and viewing di-
rections through cross-dimensional feature coupling. Un-
like encodings designed for large-scale scenes, JMHE is
tailored for small, fine-structured, and highly specular ob-
jects such as surgical instruments, effectively capturing both
high-frequency geometric details and view-dependent ap-
pearance while maintaining low computational overhead.

As illustrated in Fig. 2, for a 3D sample point x ∈ R3

along a target ray r = (o,d), where o is the ray origin
and d ∈ S2 denotes the normalized viewing direction,
we convert d into spherical coordinates and discretize it
into T × P angular bins. With polar and azimuth indices
iθ ∈ {0, . . . , T − 1} and iϕ ∈ {0, . . . , P − 1}, the quan-
tized direction bin is expressed as:

b(d) = iθP + iϕ. (8)

At each resolution level ℓ ∈ {0, . . . , L − 1}, the grid
resolution grows geometrically as:

Nℓ =
⌊
N0 b

ℓ
⌋
, b = exp

(
lnNmax − lnN0

L− 1

)
, (9)

where N0 and Nmax denote the base and maximum reso-
lutions, respectively, and L is the total number of levels.
To couple spatial and directional information, each voxel
corner with integer coordinates (cx, cy, cz) is concatenated
with the direction bin bd := b(d) to form a joint 4D hash
key k = (cx, cy, cz, bd). The hash index h is computed as:

h =
(
pxcx ⊕ pycy ⊕ pzcz ⊕ pbbd

)
mod H, (10)

where H is the hash table size, ⊕ denotes bitwise XOR, and
(px, py, pz, pb) are fixed prime constants used to decorrelate
dimensions.
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(1) For a sample point x and its viewing direction d, we convert
d into spherical coordinates and quantize it into angular bins. The
spatial voxel corners around x with coordinates (cx, cy, cz) are
combined with the direction bin bd to form a 4D joint key. (2) Us-
ing hash indices, we retrieve F -dimensional feature vectors from
learnable hash tables and apply trilinear interpolation to obtain
continuous features. (3) The outputs across all resolution levels
are concatenated into the final multi-resolution position–direction
embedding.

For each level ℓ, we maintain a learnable embedding ta-
ble Eℓ ∈ RH×F , and fetch corner embeddings as:

emb(u) = Eℓ[h(corner(u))], u ∈ {0, 1}3, (11)

where u indexes one of the eight voxel corners. We then ap-
ply trilinear interpolation to obtain a continuous direction-

conditioned feature:

yℓ =
∑

u∈{0,1}3

w(u) emb(u), (12)

where w(u) are interpolation weights determined by the
fractional offset of x within the voxel cell. Finally, concate-
nating features across all resolution levels yields the multi-
resolution embedding:

y = [ y0; y1; . . . ; yL−1 ], dim(y) = LF. (13)

This hierarchical design allows coarse levels to cap-
ture global spatial context, while finer levels preserve high-
frequency geometric details. The joint position and direc-
tion hashing guarantees distinct embeddings for the same
spatial position under different viewpoints, enabling effec-
tive modeling of specular and anisotropic surface effects.
Notably, the direction component participates only in the
indexing process, ensuring computational efficiency. Both
lookup and interpolation are fully differentiable, and all
hash tables are optimized end-to-end through backpropa-
gation. In practice, JMHE enhances spatial and directional
interactions with negligible memory and latency overhead,
making it highly suitable for reconstructing small, highly
reflective surgical instruments.

3.4. View-Conditional Feature-wise Linear Modulation

This section introduces View-Conditional Feature-wise
Linear Modulation (V-FiLM), a feature-wise modula-
tion mechanism that conditions positional hash features



on viewing direction through Feature-wise Linear Modu-
lation (FiLM) [25]. Instead of directly concatenating view
and positional features, V-FiLM applies view-conditioned
affine transformations to each feature channel. This de-
sign produces smooth, continuous, and fully differentiable
responses to view-dependent effects, including highlights,
specular reflections, and anisotropy, while keeping the pa-
rameter count low. The overall structure of V-FiLM is illus-
trated in Fig. 3.

F(x)

SHEncoding

HashEncoding

Tiny MLP
γ(v)

β(v)

x

V-FiLM

Figure 3. V-FiLM. A sample position x is encoded by HashEn-
coding into F (x), while the view direction d is encoded via SHEn-
coding and fed into a lightweight MLP to generate FiLM param-
eters γ(v) and β(v). These parameters are then applied element-
wise to F (x), yielding view-dependent modulated features.

For each sampled point, the positional feature F (x) is
derived from the multi-resolution hash encoder, and the nor-
malized view direction is encoded via spherical harmonics
into v. A two-layer MLP maps v to per-channel scale and
bias parameters γ(v) and β(v), which modulate F (x) as:

y = γ(v)⊙ F (x) + β(v), (14)

where ⊙ denotes element-wise multiplication. The modula-
tion is applied only to the color branch to avoid ambiguities
in geometry estimation, while the density branch remains
view-independent to preserve stable shape reconstruction.

V-FiLM introduces only a lightweight computational
overhead: two linear layers generate twice the dimension
of the positional encoding parameters for per-channel affine
modulation. This design is substantially more efficient than
concatenating direction and position features and increasing
network width.

V-FiLM complements JMHE: while JMHE captures dis-
crete position–direction interactions but may suffer from
binning artifacts, V-FiLM provides continuous, differen-
tiable modulation that enhances the smoothness and fidelity
of view-dependent reflections. In combination, JMHE cap-
tures localized high-frequency effects, whereas V-FiLM
provides smooth feature recalibration across viewpoints.

In summary, V-FiLM provides a parameter-efficient and
smoothly responsive mechanism for view-dependent fea-

ture modulation. By applying conditional affine transforma-
tions to positional features, it significantly enhances the ren-
dering fidelity of reflective and anisotropic materials while
introducing negligible computational overhead, and inte-
grates seamlessly with JMHE to further improve robustness
and cross-view reconstruction quality.

3.5. Integration and Training

JMHE and V-FiLM are integrated into the feature encod-
ing and representation construction stages, jointly enhanc-
ing the interactions between spatial and directional features
and ensuring smooth view-dependent modulation with neg-
ligible computational overhead. All components, includ-
ing the image encoder, transformers, JMHE, V-FiLM, and
MLP heads, are trained end-to-end using standard recon-
struction and perceptual losses. Importantly, the overall
pipeline preserves GNT’s two stage design while benefiting
from enhanced feature representations that better capture
high-frequency details and view-dependent appearance.

Furthermore, during feature generation, directional in-
formation is already embedded into positional features
through JMHE and V-FiLM. As a result, the resulting
feature representations inherently encode view-dependent
cues. Consequently, our GNFM framework no longer re-
quires explicit concatenation of directional encodings, yet
it still achieves significant improvements over prior meth-
ods. This advantage is particularly evident in our dedicated
dataset of highly reflective surgical instruments, where the
model captures reflection cues more accurately and stably.
Moreover, this design substantially reduces the parameter
count without compromising performance.

4. Experiments

4.1. Dataset Construction

Accurate 3D reconstruction of reflective surgical instru-
ments is a critical challenge in robot-assisted surgery, where
safe manipulation and intelligent perception depend on re-
liable visual representations. However, existing neural ren-
dering benchmarks are dominated by toy scenes or house-
hold objects, which fail to capture the small scale, intricate
geometry, and strong specular reflections of real surgical
tools. To address this gap, we construct the Reflective Sur-
gical Instrument Dataset (RSID), a high-fidelity benchmark
tailored for novel view synthesis of reflective surgical in-
struments.

Synthetic Data. The synthetic subset of RSID is created
in Blender [2], with each instrument modeled and rendered
as an independent scene. It covers eight representative sur-
gical instruments, including Haemostatic Clamp, Curved
Needle Holder, DeBakey–Cooley Forcep, Dissecting For-
cep, O-ring Forcep, Scalpel, Surgical Blades, and Umbil-



ical Cord Scissor. For every instrument, we generate 100
training views, 100 validation views, and 100 test views at
800 × 800 resolution, yielding a total of 2,400 multi-view
images with corresponding camera pose files.

Real Data. The real-world subset of RSID consists of six
physical surgical instruments captured under realistic imag-
ing conditions. Images are acquired using a handheld cam-
era, with each image recorded at a resolution of 1280×720.
This subset complements the synthetic data by introduc-
ing real-world illumination variations, sensor noise, and
complex specular reflections that are difficult to accurately
model in simulation.

Unlike conventional NeRF datasets that adopt a fixed-
radius camera setting unrelated to real-world scale, RSID
preserves the true physical dimensions of instruments and
positions cameras at clinically realistic working distances
ranging from 0.3m to 0.5m, consistent with robot-assisted
surgical environments. This design ensures that the dataset
stresses both geometric fidelity and photometric complex-
ity while remaining aligned with practical requirements of
robot-assisted surgery.

4.2. Evaluation Metrics

To comprehensively evaluate the performance of GNFM
on reflective surgical instruments, we adopt Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM)[40], and the Learned Perceptual Image Patch Sim-
ilarity (LPIPS)[51], which together capture complementary
aspects of novel view synthesis quality. PSNR provides
a pixel-level measure of reconstruction fidelity, indicating
how closely the synthesized views match the ground truth.
However, this metric alone is insufficient in our context,
as strong specularities often cause large pixel discrepancies
that do not necessarily reflect perceptual quality. SSIM ad-
dresses this limitation by evaluating structural similarity in
terms of luminance, contrast, and spatial consistency, mak-
ing it particularly relevant for assessing the fine grooves and
sharp edges of surgical tools. Since realistic rendering of
reflections is central to our task, we further employ LPIPS,
which leverages deep neural network features to approxi-
mate human perceptual judgments of visual realism. By
jointly considering these metrics, we show that GNFM not
only achieves higher numerical accuracy but also delivers
reconstructions with greater structural fidelity and percep-
tual plausibility compared to existing methods.

4.3. Experimental Setup

All experiments were conducted on a workstation
equipped with a single NVIDIA RTX 4060 Ti GPU (16GB
VRAM), an Intel Core i5-12400F CPU, and 32GB of RAM.
The software environment was Ubuntu 22.04 with CUDA
12.4 installed. We compared our GNFM framework against
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Figure 4. Ablation on hash table size T for the Joint Multires-
olution Hash Encoder (JMHE). Reconstruction quality improves
notably up to T=219 and saturates thereafter.

five representative baselines: Mip-NeRF, Ref-NeRF, 3DGS,
IBRNet, and GNT. These methods were chosen for their
demonstrated performance in novel view synthesis and their
relevance to specular surface rendering. For fairness, we
adopted the official implementations of all baselines and re-
tained default hyperparameter configurations.

To ensure consistent evaluation, all methods were trained
with 1,024 rays per iteration. For the baselines, each
ray was sampled with a standard coarse-to-fine strategy,
whereas our GNFM simplified the process by sampling
only 64 points per ray without hierarchical refinement. De-
spite the reduced sampling budget, this design leverages our
feature modulation mechanism to achieve both efficiency
and accuracy. For the Joint Multiresolution Hash Encoder
(JMHE), we set the hash table capacity to T = 219, follow-
ing an internal ablation similar to Fig. 4, where we com-
pared T ∈ {216, 219, 221} on the Haemostatic Clamp and
O-Ring Forcep scenes. We observed that reconstruction
quality PSNR improved sharply up to T = 219 but sat-
urated thereafter, while GPU memory increased substan-
tially beyond this point. Thus, T = 219 offers the best
balance between fidelity and efficiency on our RTX 4060
Ti GPU. The initial learning rate was set to 5 × 10−4 with
a cosine decay schedule, and optimization was performed
using Adam. Each scene was trained for 250,000 iterations
to ensure convergence, while cross-scene generalization ex-
periments were trained for 300,000 iterations to account for
the increased variability across unseen instruments.

We evaluate GNFM on our RSID dataset. Experiments
are conducted in two regimes: (1) single-scene training,
where the model is trained on one instrument and evalu-
ated on unseen viewpoints of the same object to assess novel
view synthesis quality; and (2) cross-scene generalization,
where four instruments are randomly selected for training
and the remaining ones are used as unseen test objects. For
cross-scene experiments, we report both direct generaliza-
tion performance and results after lightweight finetuning on
the target instrument. Quantitative and qualitative evalua-



Table 1. PSNR Comparison on Reflective Surgical Instruments
Dataset in the Single-Scene Setting.

PSNR↑
Mip-NeRF Ref-NeRF GNT 3DGS GNFM(Ours)

Haemostatic Clamp 34.08 33.22 33.87 34.43 36.12
Curved Needle Holder 33.85 32.86 33.24 35.04 37.23

DeBakey-Cooley Forcep 32.43 31.30 32.43 33.68 34.13
Dissecting Forcep 34.11 32.06 33.83 33.68 35.61

O-Ring Forcep 33.21 32.14 36.51 34.08 37.76
Scalpel 37.23 33.96 34.11 36.64 38.23

Surgical Blades 32.35 28.68 33.76 31.27 36.21
Umbilical Cord Scissor 31.04 31.09 32.15 31.91 34.19

tions were conducted to assess reconstruction fidelity and
visual realism, including both numerical metrics and ren-
dered visual comparisons from challenging viewpoints. We
also perform ablation studies to analyze the independent
contributions of JMHE and V-FiLM to the overall perfor-
mance.

4.4. Single Scene Results

We first evaluate model performance under the single-
scene setting, where each method is trained on a single in-
strument and evaluated on novel viewpoints of the same ob-
ject. Unless otherwise specified, the results reported in this
subsection are obtained on the synthetic subset of RSID.

Synthetic Single-Scene Results. Quantitative results on
the synthetic subset of RSID are summarized in Table 1,
Table 2, and Table 3. GNFM achieves consistent improve-
ments across PSNR, SSIM, and LPIPS compared with all
baselines. Notably, the gains on LPIPS are substantially
larger than those on PSNR and SSIM. This behavior is ex-
pected in reflective scenes: PSNR and SSIM are dominated
by pixel-wise alignment and low-frequency errors, so even
small shifts in specular peaks can penalize them when the
perceived appearance is already correct. In contrast, LPIPS
measures perceptual similarity in a learned feature space
that correlates better with human visual perception, and is
more sensitive to coherent reproduction of high-frequency
cues such as highlights and micro-structures.

By jointly encoding spatial and directional information
with JMHE and applying view-conditioned feature modu-
lation via V-FiLM, GNFM renders specular highlights and
fine details more consistently across viewpoints, leading
to markedly lower LPIPS while delivering stable improve-
ments in PSNR and SSIM. Unlike existing approaches,
which often struggle with view-dependent reflections and
fine-scale geometry, GNFM effectively captures specular
highlights while maintaining structural fidelity and percep-
tual realism.

To further illustrate these advantages, Fig. 5 presents vi-
sual comparisons on representative instruments from the
synthetic subset. GNFM produces sharper edges, more
faithful reflections, and reduced artifacts compared with
Mip-NeRF, Ref-NeRF, and GNT, highlighting its robust-

Table 2. SSIM Comparison on Reflective Surgical Instruments
Dataset in the Single-Scene Setting.

SSIM↑
Mip-NeRF Ref-NeRF GNT 3DGS GNFM(Ours)

Haemostatic Clamp 0.9879 0.9891 0.9887 0.9632 0.9941
Curved Needle Holder 0.9880 0.9897 0.9863 0.9640 0.9957

DeBakey-Cooley Forcep 0.9822 0.9832 0.9821 0.9611 0.9920
Dissecting Forcep 0.9821 0.9800 0.9865 0.9594 0.9963

O-Ring Forcep 0.9819 0.9831 0.9903 0.9608 0.9907
Scalpel 0.9922 0.9897 0.9862 0.9655 0.9928

Surgical Blades 0.9757 0.9605 0.9817 0.9563 0.9904
Umbilical Cord Scissor 0.9719 0.9713 0.9819 0.9564 0.9876

Table 3. LPIPS Comparison on Reflective Surgical Instruments
Dataset in the Single-Scene Setting.

LPIPS↓
Mip-NeRF Ref-NeRF GNT 3DGS GNFM(Ours)

Haemostatic Clamp 0.0235 0.0162 0.0192 0.0239 0.0075
Curved Needle Holder 0.0241 0.0155 0.0151 0.0226 0.0059

DeBakey-Cooley Forcep 0.0315 0.0246 0.0237 0.0271 0.0137
Dissecting Forcep 0.0286 0.0247 0.0319 0.0298 0.0094

O-Ring Forcep 0.0302 0.0217 0.0223 0.0272 0.0183
Scalpel 0.0198 0.0263 0.0245 0.0210 0.0174

Surgical Blades 0.0493 0.0469 0.0225 0.0412 0.0217
Umbilical Cord Scissor 0.0460 0.0450 0.0389 0.0351 0.0183

ness under challenging reflective conditions. While GNT
occasionally achieves competitive results in certain cases,
its performance is less stable across different instruments.
In contrast, GNFM delivers consistent gains, confirming the
effectiveness of integrating JMHE and V-FiLM for handling
specular surfaces in surgical instrument rendering.

Real-World Single-Scene Results. We further evaluate
GNFM on the real-world subset of RSID under the single-
scene setting. Each model is trained and evaluated on im-
ages captured from a single real surgical instrument. Quan-
titative results are reported in Table 4, and qualitative vi-
sualizations in Fig. 6 demonstrate improved reconstruction
fidelity and view-dependent reflection modeling.

4.5. Cross-scene Generalization to Unseen Instruments

To comprehensively evaluate the generalization capa-
bility of GNFM, we perform cross-scene experiments
across surgical instruments on both synthetic and real-world
datasets. The synthetic setting enables controlled evaluation
under consistent geometry, material properties, and illumi-
nation conditions, while the real-world setting further as-
sesses robustness under practical challenges such as sensor
noise, calibration inaccuracies, and complex lighting varia-
tions.

Synthetic Cross-scene Setting. In the synthetic exper-
iments, four instruments, namely Haemostatic Clamp,
Curved Needle Holder, DeBakey–Cooley Forcep, and Dis-
secting Forcep, are used for training. The remaining four
instruments, including O-Ring Forcep, Scalpel, Surgical
Blades, and Umbilical Cord Scissor, are reserved as unseen
test cases. All models, including GNFM and two represen-
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Figure 5. Visualization results of representative instruments under synthetic single-scene setting.

Table 4. Quantitative results on the real-world RSID dataset. Higher PSNR and SSIM indicate better performance, while lower LPIPS is
preferred.

Scene GNT 3DGS GNFM (Ours)

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
Adson Forceps 30.50 0.9337 0.1989 32.39 0.9483 0.1643 33.41 0.9621 0.1532
Bayonet Forceps 36.47 0.9540 0.2345 38.52 0.9737 0.1842 37.97 0.9801 0.1876
Hemostat 32.56 0.9683 0.2175 27.47 0.9545 0.2604 34.73 0.9798 0.1556
Scalpel 27.68 0.9291 0.2378 31.95 0.9618 0.1755 33.42 0.9765 0.1632
Scissors 33.77 0.9709 0.1562 34.34 0.9716 0.1447 36.91 0.9804 0.1108
Thumb Forceps 25.11 0.8775 0.2533 28.83 0.9552 0.2340 32.45 0.9679 0.1973

tative baselines, IBRNet and GNT, are trained under identi-
cal protocols to ensure a fair comparison.

The evaluation considers three complementary aspects:
(i) cross-scene training performance, which measures re-
construction accuracy on instruments seen during training;
(ii) generalization to unseen instruments without finetuning,
which directly evaluates transferability to novel instruments
without any adaptation; and (iii) generalization to unseen
instruments with finetuning, which assesses the adaptability
of the model when limited additional data are provided.

As shown in Table 5, GNFM consistently outperforms
the baselines across all three evaluation settings. In par-
ticular, the performance gains are most significant in the
unseen-without-finetuning scenario, highlighting the ro-
bustness of GNFM in handling reflective surgical instru-
ments without relying on scene-specific optimization.

Qualitative Analysis on Synthetic Data. Fig. 7 and
Fig. 8 further provide qualitative comparisons under the
cross-scene setting. Without finetuning, GNFM recon-
structs sharper geometry and preserves specular highlights
more faithfully, while finetuning further improves detail fi-
delity and reflection consistency.

Real-world Cross-scene Generalization. We further
evaluate GNFM on real-world RSID data following the
same cross-scene protocol. Quantitative comparisons with
GNT are reported in Table 6. In addition, qualitative visual-
izations in Fig. 9 show that GNFM achieves more stable ge-
ometry reconstruction and more consistent view-dependent
appearance under real imaging conditions, confirming that
the learned feature modulation generalizes beyond synthetic
rendering.

Overall, these results demonstrate that GNFM effec-



Table 5. Quantitative results on cross-scene training and generalization on the synthetic dataset.

Dataset PSNR↑ SSIM↑ LPIPS↓
IBRNet GNT GNFM (Ours) IBRNet GNT GNFM (Ours) IBRNet GNT GNFM (Ours)

Cross-scenes (Training)

Haemostatic Clamp 31.17 33.12 35.02 0.9328 0.9814 0.9902 0.0236 0.0197 0.0140
Curved Needle Holder 30.25 31.23 35.59 0.9423 0.9806 0.9925 0.0354 0.0253 0.0115
DeBakey–Cooley Forcep 28.78 30.01 33.93 0.9191 0.9795 0.9886 0.0467 0.0288 0.0165
Dissecting Forcep 29.18 30.63 32.98 0.9532 0.9811 0.9828 0.0397 0.0296 0.0225

Generalization (Unseen, w/o finetune)

O-Ring Forcep 25.67 28.15 33.28 0.9234 0.9801 0.9859 0.0563 0.0372 0.0193
Scalpel 28.98 31.24 36.64 0.9513 0.9863 0.9922 0.0437 0.0230 0.0123
Surgical Blades 23.03 27.56 29.06 0.9287 0.9431 0.9678 0.0569 0.0471 0.0400
Umbilical Cord Scissor 25.96 27.81 30.37 0.9349 0.9717 0.9757 0.0619 0.0415 0.0301

Generalization (Unseen, w/ finetune)

O-Ring Forcep 29.06 32.15 33.57 0.9577 0.9801 0.9863 0.0321 0.0276 0.0184
Scalpel 33.12 36.24 37.08 0.9875 0.9907 0.9926 0.0421 0.0213 0.0119
Surgical Blades 28.47 29.56 32.50 0.9413 0.9657 0.9814 0.0456 0.0296 0.0264
Umbilical Cord Scissor 29.54 30.81 32.17 0.9325 0.9674 0.9808 0.0397 0.0369 0.0238

Table 6. Quantitative results on real-world cross-scene training and generalization.

Scene PSNR↑ SSIM↑ LPIPS↓
GNT GNFM (Ours) GNT GNFM (Ours) GNT GNFM (Ours)

Cross-scenes (Training)
Adson Forceps 29.16 33.17 0.9283 0.9537 0.2043 0.1621
Bayonet Forceps 36.52 37.76 0.9537 0.9800 0.2542 0.1895
Hemostat 29.47 32.36 0.9445 0.9736 0.2404 0.1793

Generalization (Unseen, w/o finetune)
Scalpel 27.95 31.95 0.9318 0.9342 0.2655 0.2224
Scissors 30.34 32.41 0.9616 0.9689 0.1847 0.1450
Thumb Forceps 28.83 30.56 0.8752 0.9115 0.2340 0.2238

Generalization (Unseen, w/ finetune)
Scalpel 27.86 32.19 0.9187 0.9548 0.2558 0.1433
Scissors 33.65 35.92 0.9679 0.9754 0.1783 0.1395
Thumb Forceps 28.71 31.39 0.8913 0.9469 0.2234 0.2141

GNT

GNFM(Ours)

Hemostat

Ground Truth

Figure 6. Visualization results of representative instruments under
real-world single-scene setting.

tively addresses three key challenges: (i) reconstruct-
ing fine-grained surgical instruments, (ii) modeling strong
view-dependent specular reflections, and (iii) enabling ro-
bust generalization to unseen instruments.

4.6. Ablation studies

To further understand the contribution of each compo-
nent in GNFM, we conduct a set of ablation studies by

GNT
w/o finetune

GNFM
w/o finetune

IBRNet
w/o finetune

Ground
Truth

O-Ring Forcep Scalpel Surgical Blades Umbilical Cord Scissor

Figure 7. Visualization results of unseen instruments under the
synthetic cross-scene setting without finetuning.

gradually introducing our proposed modules on top of the
GNT baseline. We report the averaged results across single-
scene training, generalization to unseen instruments without
finetuning, and generalization to unseen instruments with
finetuning. For each setting, PSNR, SSIM, and LPIPS are
computed and averaged to avoid excessive numerical clut-
ter. The comparison is summarized in Table 7.

Starting from the GNT baseline, the performance is lim-
ited, especially in challenging reflective regions where ge-
ometry and appearance interact in a highly view-dependent
manner. When we add the Joint Multi-scale Hash Encod-



Table 7. Ablation study of GNFM. We report average PSNR ↑, SSIM ↑, and LPIPS ↓ under single-scene and generalization settings.

Method Single-scene Avg. Generalization (Unseen, w/o finetune) Generalization (Unseen, w/ finetune)

PSNR↑ / SSIM↑ / LPIPS↓ PSNR↑ / SSIM↑ / LPIPS↓ PSNR↑ / SSIM↑ / LPIPS↓
GNT (Baseline) 33.74 / 0.9854 / 0.0247 28.69 / 0.9703 / 0.0347 32.19 / 0.9759 / 0.0288
+ JMHE 34.43 / 0.9897 / 0.0192 31.17 / 0.9771 / 0.0301 32.14 / 0.9823 / 0.0277
+ V-FiLM 35.01 / 0.9909 / 0.0187 30.23 / 0.9799 / 0.0276 32.59 / 0.9837 / 0.0226
Full (GNFM) 36.19 / 0.9925 / 0.0140 32.33 / 0.9804 / 0.0254 33.83 / 0.9853 / 0.0201

GNT
w/ finetune

GNFM
w/ finetune

IBRNet
w/ finetune

Ground
Truth

O-Ring Forcep Scalpel Surgical Blades Umbilical Cord Scissor

Figure 8. Visualization results of unseen instruments under the
synthetic cross-scene setting with finetuning.

GNT

GNFM

w/o finetune w/ finetune

Ground Truth

Scissors

Figure 9. Visualization results of unseen instruments under the
real-world cross-scene setting.

ing (JMHE), the model achieves clear improvements in both
single-scene and cross-scene evaluations. The reason lies in
JMHE’s ability to capture fine-grained geometric structures
through multi-resolution features, which is particularly ben-
eficial for small surgical instruments with subtle details.

When the View-Conditional Feature-wise Linear Mod-
ulation (V-FiLM) module is introduced independently, the
network already shows clear improvements in generaliza-
tion tasks. Unlike JMHE, which focuses on structural rep-
resentation, V-FiLM enables the model to dynamically ad-
just feature distributions according to the viewing direc-
tion, allowing it to better handle specular highlights and
appearance variations across different poses. This effect
is most evident in the generalization to unseen instruments

without finetuning, where GNFM with only V-FiLM sig-
nificantly surpasses the baseline, demonstrating that view-
aware feature modulation alone substantially enhances ro-
bustness even without additional optimization.

Finally, the full GNFM framework, which integrates
both JMHE and V-FiLM, achieves the best performance
consistently across all evaluation settings. It not only pre-
serves detailed structures in single-scene training but also
provides strong adaptability in cross-scene scenarios. With
finetuning on unseen instruments, GNFM further consol-
idates its superiority, indicating that the two components
are complementary: JMHE strengthens geometric fidelity,
while V-FiLM addresses view-dependent reflectance. To-
gether, they form a unified architecture that effectively
solves the dual challenge of small object reconstruction and
specular reflection modeling.

5. Conclusion

In robot-assisted surgery, accurate 3D reconstruction of
small-scale, highly reflective surgical instruments is essen-
tial for ensuring safe operations and intelligent perception.
However, this task is extremely challenging due to the tiny
size and intricate structures of the instruments, as well as
their strong specular reflections, where conventional NeRF
methods often fail to recover fine details or model view-
dependent appearances. To address these issues, we pro-
pose Generalizable NeRF with View-Aware Feature Mod-
ulation (GNFM), which employs a Joint Multiresolution
Hash Encoder (JMHE) to enhance spatial detail represen-
tation and integrates a View-Conditional Feature-wise Lin-
ear Modulation (V-FiLM) to capture severe view-dependent
appearance variations. Unlike methods relying on material
priors, GNFM is entirely data-driven and achieves accu-
rate modeling of reflective instruments without additional
assumptions. To further validate its generalization and prac-
ticality, we built the Reflective Surgical Instrument Dataset
(RSID), a dedicated dataset of real rendered data covering
various reflective surgical instruments. Experimental re-
sults demonstrate that GNFM significantly outperforms ex-
isting methods in small-scale reconstruction, fine detail re-
covery, and handling of reflective scenes, providing strong
support for intelligent perception in robot-assisted surgery.
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