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Abstract

This paper presents Neural Visibility Field (NVF), a
novel uncertainty quantification method for Neural Radi-
ance Fields (NeRF) applied to active mapping. Our key
insight is that regions not visible in the training views lead
to inherently unreliable color predictions by NeRF at this
region, resulting in increased uncertainty in the synthesized
views. To address this, we propose to use Bayesian Networks
to composite position-based field uncertainty into ray-based
uncertainty in camera observations. Consequently, NVF nat-
urally assigns higher uncertainty to unobserved regions, aid-
ing robots to select the most informative next viewpoints.
Extensive evaluations show that NVF excels not only in un-
certainty quantification but also in scene reconstruction for
active mapping, outperforming existing methods. More de-
tails can be found at https://sites.google.com/
view/nvf-cvpr24/.

1. Introduction
Active 3D reconstruction plays a pivotal role in robotics. The
challenge lies in enabling the robot to precisely reconstruct a
target using the fewest views possible. Consider the example,
illustrated in Figure 1, where the agent’s objective is to thor-
oughly explore an unknown object (the Hubble telescope).
To achieve this, the robot assesses the uncertainty of poten-
tial views, choosing actions that significantly diminish this
uncertainty. A crucial aspect of this process is the represen-
tation of the scene. It should not only facilitate high-quality
reconstruction but also be cognizant of uncertainties.

Recently, implicit scene representations, notably
NeRF [30] have shown remarkable ability in high-quality
scene reconstructions. The result has motivated applying
NeRF for active reconstruction [33, 49, 51]. However, due
to the opaque nature of neural networks, estimating the
uncertainty of NeRF remains challenging. Previous works
have developed various proxy measurements to represent
the uncertainty in NeRF, in which they aim to maximize the
NeRF’s reconstruction accuracy and geometric faithfulness
to the scene. However, these approaches neglect a crucial
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Figure 1. Neural Visibility Field (NVF) is an uncertainty estimation
framework for NeRF that accounts for visibility: whether a region
is covered by the training views of a NeRF. Visible regions should
have low uncertainty (bottom row), and unobserved should have
high uncertainty (top row). In this paper, we show that many ex-
isting methods in NeRF uncertainty quantification can be viewed
as special cases of our framework, and NVF outperforms them
empirically in uncertainty quantification and active mapping tasks.

factor to optimize for, namely, visual coverage.
In active reconstruction, an agent makes a tradeoff be-

tween exploring new areas of a scene and revisiting previ-
ously explored ones. Since NeRF is a multiview reconstruc-
tion method, a natural strategy is to explore regions that have
not been observed by previous views and have these regions
hold a high degree of uncertainty. Surprisingly, prior methods
have largely failed to account for visibility and instead fo-
cus on estimating uncertainty via density or NeRF-predicted
position-based RGB variance. Another gap in prior research
is the integration of position-based uncertainty factors (e.g.,
emitted color, opacity, and visibility) into ray-based obser-
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vation uncertainty. Previous approaches typically employ a
simple (weighted) average or sum of position-based uncer-
tainties to approximate the observation uncertainty. However,
these methods often lack a solid theoretical foundation and
can underperform in complex scenarios.

To address these challenges, we propose Neural Visibility
Field (NVF). Our key insight is that if a region has never
been visible in the training views, the color prediction for
this point by NeRF is unreliable. To effectively integrate
this location-based uncertainty into ray-based camera ob-
servations, we view NeRF through the lens of a Bayesian
Network. Within this framework, the distribution of a color
along a ray can be interpreted as a Gaussian mixture Model.
Subsequently, we calculate the entropy of the GMM and em-
ploy it as a cost function, guiding the agent to select the next
best view for active mapping. We observed that all previous
methods can be interpreted as specific approximations within
our proposed theoretical framework, yet, they consistently
overlook a crucial aspect, namely, visibility.

Our evaluation of the proposed approach is multi-faceted
and spans a range of environments, encompassing objects, in-
door rooms, and spaces. We illustrate how our method offers
a superior metric for assessing uncertainty in NeRF. We also
apply our approach to active mapping tasks. Specifically,
we demonstrate that employing our metric in Next-Best-
View (NBV) planning facilitates the planning of trajectories
that not only enhance reconstruction quality but also maxi-
mize visual coverage of the scene. As a result, our proposed
method demonstrates significant improvements over these
prior approaches in experimental evaluations. To summarize,
our main contributions are:
• We propose a principled uncertainty estimation method

for NeRF that takes into account visibility, called Neural
Visibility Field (NVF).

• We provide a unified lens of prior methods in uncertainty
estimation for NeRF using NVF.

• We apply the NVF framework to active mapping tasks
demonstrating superior performance compared to the ex-
isting state-of-the-art methods.

2. Related Work
Active Mapping. Research on active mapping or NBV se-
lection is a long-studied problem [1, 2] with the goal of
searching for observation poses to create an optimal recon-
struction of an environment. Scott et al [40] categorizes these
approaches as model-based approaches, which utilize knowl-
edge of the geometry and appearance of a scene [11, 39],
and model-free approaches, which use information extracted
from data gathered online [1, 2, 4]. More relevant are view-
point selection strategies, including frontier-based [6, 9],
sampling-based [7, 12, 37], and uncertainty based [41, 42].
In particular, our method is inspired by the line of work
that uses probabilistic volumetric occupancy to facilitate vis-

ibility operations [16, 20], which employs the concept of
entropy to estimate uncertainty.

Implicit Scene Representation. Implicit neural
fields [28, 34, 48] represent 3D scenes as a continuous
differentiable signal parameterized via a neural network.
The seminal work of Neural Radiance Fields (NeRFs) [29]
learns a density and a radiance field supervised by mul-
tiview 2D images. New views can be queried from a
trained NeRF through volumetric rendering. Along this
direction, significant progress has been made in novel
view rendering [27, 29, 45], 3D reconstruction [3, 22],
3D generation [17, 36] and videos [10, 23, 24, 35, 47].
Despite their success, the quality of representation hinges
on using a large number of well-posed images which limits
their applicability in real-time applications. To counter
these problems, recent work has focused on few-shot
neural rendering [5, 8, 32, 50], handling unknown or
noisy camera pose estimates [25, 46], using heuristic
camera placement strategy [19], or adding a notion of
uncertainty [18, 21, 26, 42] to quantify information gain for
next-best-view selection.

Uncertainty Estimation for NeRF. This work focuses
on quantifying the epistemic uncertainty of a NeRF model to
determine the next best view for improving its reconstruction.
Direct approaches such as ensemble-based methods [44] are
conceptually simple but computationally expensive or re-
quire prior data collection [14, 18]. Our method improves
upon and unifies a recent line of work [21, 33, 38, 42, 49, 51].
ActiveNerf [33] and NeurAR [38] model RGB color distri-
bution at a specific spatial point as a Gaussian distribution,
and directly use NeRF to predict its variance. However, the
predicted variance tends to be inaccurate in instances where
a region has never been visible from the training views. In
comparison, [21, 42, 49, 51] ignore the spatial RGB uncer-
tainty, and approximating the entropy through the probability
of occupancy by using NeRF’s density prediction. In partic-
ular, [21] treats the sampled points in volumetric rendering
that are displayed by pixels as discrete random variables and
computes the entropy based on it. In [49, 51], the entropy
is approximated by utilizing the probability of a ray being
occluded at a point. However, it is worth noting that a remain-
ing gap exists in all previous methods as they lack theoretical
grounding for bridging the position-based uncertainty or oc-
cupancy uncertainty with ray-based observation uncertainty.
In our work, we proposed a theoretically principled method
based on Bayesian Network to address this challenge. More-
over, a crucial aspect of uncertainty estimation is that if a
region is never visible by any of the previous views, the
NeRF prediction at this region is not reliable, and high un-
certainty should be associated with these regions, yet this
aspect is overlooked by all relevant previous works. Our pro-
posed theoretical framework enables us to properly model
this aspect through visibility, and all previous work could
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b e vi e w e d as s p e ci al c as es u n d er o ur pr o p os e d fr a m e w or k
w hil e l a c ki n g c ert ai n k e y as p e cts.

3. M et h o d

A cti v e m a p pi n g ai ms t o r e d u c e u n c ert ai nti es i n t h e r e c o n-
str u ct e d m a p a n d a c hi e v e vis u al c o v er a g e of t h e e ntir e s c e n e.
T his is a c hi e v e d b y ass essi n g t h e c urr e nt u n c ert ai nti es i n
t h e r e c o nstr u ct e d m a p a n d pr e di cti n g t h e p ot e nti al i nf or m a-
ti o n g ai n e d fr o m pr o p os e d vi e w p oi nts. H o w e v er, t h e c h al-
l e n g e aris es w h e n utili zi n g N e R F f or a cti v e m a p pi n g. T h e
o p a q u e a n d c o m pl e x n at ur e of n e ur al n et w or ks pr es e nts si g-
ni fi c a nt c h all e n g es f or a c c ur at el y q u a ntif yi n g u n c ert ai nt y
wit hi n N e R F. Alt h o u g h s e v er al m et h o ds h a v e b e e n pr o p os e d
t o a p pr o xi m at e u n c ert ai nt y i n N e R F, t h e y oft e n l a c k a t h e or et-
i c al f o u n d ati o n a n d m a y u n d er p erf or m i n c o m pl e x s c e n ari os.
O ur k e y i nsi g ht is t h at if a r e gi o n h as n e v er b e e n visi bl e
i n t h e tr ai ni n g vi e ws, t h e c ol or pr e di cti o n f or t his p oi nt b y
N e R F is i n h er e ntl y u nr eli a bl e. T o eff e cti v el y i n c or p or at e t his
p ositi o n- b as e d u n c ert ai nt y i nt o c a m er a o bs er v ati o ns, w e pr o-
p os e t o us e a B a y esi a n n et w or k. T his all o ws f or t h e s e a ml ess
i nt e gr ati o n of u n c ert ai nt y fr o m t h e i m pli cit fi el d i nt o t h e o b-
s er v e d i m a g e’s u n c ert ai nt y. I n t his s e cti o n, w e will st art wit h
a r e vi e w of N e R F, f oll o w e d b y a d et ail e d e x pl a n ati o n of h o w
t o m o d el N e R F’s v ol u m e r e n d eri n g pr o c ess usi n g a B a y esi a n
n et w or k. S u bs e q u e ntl y, w e will d el v e i nt o t h e i nt e gr ati o n
of visi bilit y as p e cts wit hi n t h e fr a m e w or k. Fi n all y, w e will
dis c uss t h e a p pli c ati o n of t his fr a m e w or k t o a cti v e m a p pi n g.

3. 1. P r o bl e m F o r m ul ati o n

A N e R F [ 3 0 ] is d e fi n e d as a n i m pli cit f u n cti o n F Θ :
(x , d ) → (c , σ ), w h er e x r e pr es e nts t h e 3 D p ositi o n, d =
(θ , ϕ) t h e vi e wi n g dir e cti o n, c t h e e mitt e d R G B c ol or at x ,
a n d σ t h e v ol u m e d e nsit y at x . T h e v ol u m e d e nsit y f u n cti o n
σ (x ) is a diff er e nti a bl e m e as ur e of t h e pr o b a bilit y t h at a r a y
is o c cl u d e d at p ositi o n x . C o nsi d eri n g a r a y r (t) = o + td
wit h n e ar a n d f ar b o u n ds tn , tf , t h e o bs er v e d c ol or at t h e
r a y’s ori gi n is gi v e n b y:

C (r ) = e x p −
t f

t n

T (t)σ (r (t))c (r (t), d ) dt ( 1)

T (t) = e x p −
t

t n

σ (r (s )) ds ( 2)

w h er e T (t) is t h e tr a ns missi o n pr o b a bilit y fr o m tn t o t wit h-
o ut o c cl usi o n. E m piri c all y, t h e al g orit h m a p pr o xi m at es t h e
i nt e gr al wit h N dis cr et e s a m pl es { ti }

N − 1
i = 0 al o n g t h e r a y,

w h er e t0 d e n ot es t h e r a y’s ori gi n w h er e t h e c a m er a is l o-
c at e d. C o ns e q u e ntl y, E q. ( 1 ) b e c o m es:

Ĉ ( r ) =
i

w i c (ti ), w h er e w i = α i

i − 1

j = 0

( 1 − α i ), ( 3)

w h er e s i = ti + 1 − ti d e n ot es t h e dist a n c e b et w e e n t w o a dj a-
c e nt s a m pl e d p oi nts al o n g t h e r a y, α i = 1 − e x p( − s i σ (ti ))

is t h e al p h a v al u e i n al p h a c o m p ositi o n, w hi c h c a n als o b e
vi e w e d as t h e pr o b a bilit y of o c cl usi o n at t h e it h p oi nt.

3. 2. V ol u m e R e n d e ri n g as B a y esi a n N et w o r k

W hil e N e R F s y nt h esi z es n o v el vi e ws, N e R F c a n n ot esti m at e
t h e u n c ert ai nt y i n t h e vi e ws. We i ntr o d u c e a m et h o d t h at c o m-
p osit es p ositi o n- b as e d u n c ert ai nt y i nt o r a y- b as e d u n c ert ai nt y
usi n g a pr o b a bilisti c gr a p hi c al m o d el. T his fr a m e w or k e n-
a bl es t h e i nt e gr ati o n of visi bilit y f a ct ors i nt o t h e u n c ert ai nt y
esti m ati o n pr o c ess (s e e S e c. 3. 3 ). We c o nsi d er t h e o bs er v e d
c ol or al o n g a r a y, C (r ), as a r a n d o m v ari a bl e i nst e a d of a
c o nst a nt. I n t his s u bs e cti o n, w e d et ail t h e c o m p ut ati o n of t his
v ari a bl e’s distri b uti o n b y usi n g a B a y esi a n n et w or k t o m o d el
t h e v ol u m e r e n d eri n g pr o c ess. We us e a bi n ar y r a n d o m v ari-
a bl e D i t o d e n ot e w h et h er t h e r a y is o c cl u d e d i n t h e i nt er v al
[ti , ti + 1 ] (D i = 1 f or o c cl u d e d, D i = 0 f or tr a ns p ar e nt). T h e
c o nti n u o us r a n d o m v ari a bl e C i t h e n r e pr es e nts t h e e mitt e d
c ol or at ti i n t h e dir e cti o n d , a n d Z i is a c o nti n u o us r a n d o m
v ari a bl e f or t h e o bs er v e d c ol or at ti . H er e, Z 0 c orr es p o n ds
t o t h e c a m er a’s o bs er v e d c ol or at t h e ori gi n, a n d h e n c e, t h e
g o al is t o c o m p ut e p (z 0 ). N oti c e t h at, alt h o u g h b ot h C i a n d
Z i r e pr es e nt c ol ors, t h eir diff er e n c e li es i n t h e o bj e cts t h e y
r e pr es e nt: C i r e pr es e nts t h e c ol or distri b uti o n ass o ci at e d
wit h a s p e ci fi c p ositi o n i n R 3 , w h er e as Z i c orr es p o n ds t o t h e
c ol or distri b uti o n of a c a m er a o bs er v ati o n, ass o ci at e d wit h
a p arti c ul ar r a y. F or si m pli cit y, w e o mit t h e r a y i n d e x r f or
D i , C i , a n d Z i i n S e cti o ns 3. 2 a n d 3. 3 b el o w.

N ot e t h at t h e v al u e of Z i o nl y d e p e n ds o n D i , C i , a n d
Z i + 1 . S p e ci fi c all y, if t h e i nt er v al [ti , ti + 1 ] o c cl u d es t h e r a y,
Z i ass u m es t h e e mitt e d c ol or C i ; ot h er wis e, Z i e q u als Z i + 1 ,
as t h e i nt er v al is tr a ns p ar e nt. T h e c o n diti o n al pr o b a bilit y
p (z i |D i , c i , z i + 1 ) is t h us:

p (z i |D i , c i , z i + 1 ) =
δ (z i − c i ), if D i = 1 ,

δ (z i − z i + 1 ), ot h er wis e,
( 4)

w h er e δ (·) is t h e Dir a c d elt a f u n cti o n. T h us, t h e v ol u m e
r e n d eri n g pr o c ess c o ul d b e m o d el e d as a h y bri d B a y esi a n
n et w or k (ill ustr ati o n i n cl u d e d i n t h e A p p e n di x). M or e o v er,
w e c a n e x pr ess t h e m ar gi n al pr o b a bilit y of z i usi n g t h e
f oll o wi n g r e c ursi o n:

p (z i ) = α i p (c i ) + ( 1 − α i )p (z i + 1 ). ( 5)

N ot e t h at t his f or m ul ati o n utili z es t h e r el ati o ns hi p P (D i =
0) = 1 − α i = e x p ( − σ i s i ). w h er e α i w as pr e vi o usl y d e-
fi n e d as t h e pr o b a bilit y of o c cl usi o n at t h e it h p oi nt al o n g
t h e r a y. If w e ass u m e p (c i ) is a G a ussi a n distri b uti o n wit h
m e a n µ c i

a n d c o v ari a n c e Q c i
, as pr e di ct e d b y t h e N e R F

m o d el (s e e S e c. 3. 4 f or d et ails), b y usi n g r e c ursi o n E q. (5 ),
t h e m ar gi n al pr o b a bilit y of z 0 is c o m p ut e d as a G a ussi a n
mi xt ur e m o d el ( G M M):

p (z 0 ) =
i

w i N (µ c i
, Q c i

), ( 6)
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Fi g ur e 2. A cti v e M a p pi n g wit h N V F. St arti n g wit h a s m all s et of i niti al vi e ws, a tr ai n e d N V F is us e d t o q u a ntif y u n c ert ai nti es a m o n g
s a m pl e d c a n di d at e vi e ws a n d c h o os es t h e vi e w wit h m a xi m u m u n c ert ai nt y as t h e n e xt vi e w t o b e o bs er v e d b y t h e a g e nt.

wit h w i = α i
i − 1
j = 1 ( 1 − α i ). T h e distri b uti o n of t h e c a m er a’s

o bs er v ati o n, p (z 0 ), i m pli es t h at E [z 0 ] = i w i µ c i w hi c h
ali g ns wit h t h e ori gi n al N e R F’s v ol u m e r e n d eri n g e x pr essi o n
( E q. (3 )).

S o f ar, w e h a v e d e v el o p e d a fr a m e w or k b as e d o n a pr o b a-
bilisti c gr a p hi c al m o d el t o bri d g e p ositi o n- b as e d u n c ert ai nt y
wit h r a y- b as e d o bs er v ati o n al u n c ert ai nt y. I n t h e f oll o wi n g
s u bs e cti o n, w e will dis c uss t h e i nt e gr ati o n of t h e visi bilit y
f a ct or i nt o t his fr a m e w or k.

3. 3. U n c e rt ai nt y wit h Visi bilit y

Wit h t h e B a y esi a n n et w or k f or m ul ati o n, w e c a n n o w a d d
visi bilit y i nt o t h e u n c ert ai nt y esti m ati o n. L et a bi n ar y r a n d o m
v ari a bl e V i r e pr es e nt w h et h er p oi nt i is visi bl e t o a n y c a m er a
i n t h e tr ai ni n g s et. W h e n a p oi nt is visi bl e (V i = 1 ), w e
c a n r el y o n N e R F’s o ut p ut f or R G B a n d its v ari a n c e. If a
p oi nt is u n o bs er v e d ( V i = 0 ), t h e N e R F’s o ut p ut at t his p oi nt
b e c o m es u nr eli a bl e, a n d w e assi g n a pri or c ol or distri b uti o n
N (µ 0 , Q 0 ) t o it, as f oll o ws:

p (c i |V i ) =
N (µ c i

, Q c i
), if V i = 1 ,

N (µ 0 , Q 0 ), ot h er wis e.
( 7)

M or e o v er, f or i n visi bl e p oi nts, d e nsit y pr e di cti o n m a y als o
l a c k a c c ur a c y. T h er ef or e, w e d e fi n e t h e c o n diti o n al pr o b a bil-
it y t a bl e f or P (D i |V i ) as f oll o ws

O c cl usi o n D i

Visi bilit y V i 1 0

1 e x p( − σ i s i ) 1 − e x p( − σ i s i )
0 ρ i 1 − ρ i

( 8)

w h er e ρ i = ( 1 − β ) e x p( − σ 0 s i ) + β e x p( − σ i s i ), a n d t h e
h y p er p ar a m et er β r e pr es e nts t h e a c c ur a c y of o c cl usi o n pr e-
di cti o n, s p e ci fi c all y i n di c ati n g t h e li k eli h o o d t h at a pr e di c-
ti o n a b o ut o c cl usi o n is c orr e ct f or p oi nts t h at ar e i n visi bl e.
I n sit u ati o ns w h er e t h e o c cl usi o n pr e di cti o n is i n c orr e ct, w e
r es ort t o usi n g a c o nst a nt pri or d e nsit y σ 0 t o esti m at e t h e
o c cl usi o n pr o b a bilit y. T his a p pr o a c h h el ps i n a dj usti n g o ur

m o d el’s pr e di cti o ns o n d e nsit y, p arti c ul arl y f or p oi nts n ot
visi bl e t o a n y c a m er a i n t h e tr ai ni n g s et.

B y c o m bi ni n g E qs. (2 ), (7 ), (8 ), t h e m ar gi n al pr o b a bil-
it y of z i s atis fi es t h e r e c ursi v e f or m ul a si mil ar t o E q. (5 ):
p (z i ) = α ∗

i N (µ c i
, Q c i

) + ( 1 − α ∗
i )N (µ 0 , Q 0 ), w h er e

α ∗
i = v i + ( 1 − v i )β 1 − e x p( − σ i s i ) + ( 1 − β )( 1 −

v i )( 1 − e x p( − σ 0 s i )) , a n d v i = P (V i = 1) is t h e pr o b a bilit y
of p oi nt i b ei n g visi bl e t o at l e ast o n e c a m er a i n t h e tr ai n-
i n g s et. T h e m ar gi n al pr o b a bilit y of p (z 0 ) c a n b e c o m p ut e d
si mil arl y as f oll o ws

p (z 0 ) =
i

w ∗
i v i N (µ c i

, Q c i
) +N (µ 0 , Q 0 )

i

w ∗
i ( 1− v i ),

( 9)
r es ulti n g i n a G M M as w ell, w h er e w ∗

i = α ∗
i

i − 1
j = 1 ( 1 − α ∗

j ).

3. 4. N e u r al Visi bilit y Fi el d

S o f ar, w e h a v e est a blis h e d a fr a m e w or k t h at bri d g es
p ositi o n- b as e d u n c ert ai nt y wit h r a y- b as e d o bs er v ati o n u n-
c ert ai nt y, w hil e als o i n c or p or ati n g visi bilit y f a ct ors. N e xt,
w e dis c uss a m et h o d t o d et er mi n e visi bilit y v i , w hi c h is t h e
pr o b a bilit y t h at a p oi nt x i is visi bl e t o at l e ast o n e c a m er a i n
t h e tr ai ni n g s et. L et P = { p 1 , p 2 , . . .} b e t h e s et of c a m er a
p os es i n t h e tr ai ni n g s et. If p oi nt x i is wit hi n t h e fi el d of
vi e w of a c a m er a p i n P , t h e visi bilit y of x i t o c a m er a p c a n
b e e x pr ess e d as v p (x i ) = T p (tp

i ), w h er e x i = o p + tp
i d p is

o n a r a y fr o m c a m er a p , a n d T p (tp
i ) d e n ot es t h e pr o b a bilit y

of t h e r a y b ei n g tr a ns mitt e d fr o m o p t o tp
i wit h o ut o c cl usi o n,

as d e fi n e d i n E q. (2 ). T h er ef or e, t h e pr o b a bilit y t h at p oi nt x i

is visi bl e t o at l e ast o n e c a m er a i n t h e s et P is gi v e n b y:

v P (x ) = 1 −
p ∈ P

( 1 − v p (x i )). ( 1 0)

H o w e v er, dir e ctl y c o m p uti n g E q. (1 0 ) d uri n g v ol u m e r e n-
d eri n g is i m pr a cti c al. F or e a c h p oi nt al o n g a r a y r , it w o ul d
r e q uir e g e n er ati n g a n a d diti o n al r a y r p fr o m c a m er a p a n d
s a m pli n g p oi nts al o n g t his r a y t o d et er mi n e t h e p oi nt’s visi-
bilit y t o c a m er a p . D oi n g t his f or all e xisti n g vi e ws is c o m p u-
t ati o n all y e x p e nsi v e. T o a d dr ess t his, w e pr o p os e t o a m orti z e
t h e c ost b y tr ai ni n g a n i m pli cit m o d el t o pr e di ct t h e visi bilit y.
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We i ntr o d u c e N e ur al Visi bilit y Fi el d ( N V F), a n a u g-
m e nt e d N e R F t h at o ut p uts b ot h c ol or u n c ert ai nt y a n d vis-
i bilit y. T h e e n h a n c e d m o d el is d e fi n e d as F Θ : (x , d ) →
(σ, µ c , Q c , v), w h er e v r e pr es e nts t h e visi bilit y wit h r es p e ct
t o t h e tr ai ni n g vi e ws, a n d µ c a n d Q c d e n ot e t h e m e a n a n d
c o v ari a n c e of t h e c ol or v e ct or, r es p e cti v el y. T h e p ar a m et ers
µ c a n d σ ar e tr ai n e d wit h M e a n S q u ar e Err or l oss as i n [ 2 9 ].
T o tr ai n Q c , w e e m pl o y t h e N e g ati v e L o g- Li k eli h o o d L oss
as f oll o ws:

L c o v = −
r ∈ R

l o g
i

w i N C g (r ); µ c i
, Q c i

, ( 1 1)

w h er e R d e n ot es t h e s et of r a ys i n e a c h b at c h, a n d C g (r )
r e pr es e nts t h e gr o u n d tr ut h c ol or of r a y r . F or tr ai ni n g, w e
r a n d o ml y s a m pl e p oi nts wit hi n t h e s c e n e. T h e gr o u n d tr ut h
visi bilit y, d eri v e d usi n g E q. (1 0 ), is t h e n utili z e d t o tr ai n t h e
visi bilit y h e a d, usi n g cr oss- e ntr o p y l oss. F urt h er d et ails o n
tr ai ni n g a n d n et w or k ar c hit e ct ur e ar e pr o vi d e d i n S u p p.

3. 5. A cti v e M a p pi n g wit h N V F

I n t his s e cti o n, w e a p pl y t h e P D F of r a y c ol or, d eri v e d
fr o m S e c. 3. 4 , f or a cti v e m a p pi n g p ur p os es. L et Z m n

p b e
t h e c ol or of t h e r a y c orr es p o n di n g t o pi x el i n d e x m, n fr o m
c a m er a p os e p . T h e P D F of Z m n

p , d e n ot e d as p (z m n
p ), c a n

b e o bt ai n e d usi n g t h e f or m ul ati o n pr o vi d e d i n E q. (9 ). We d e-
fi n e Z p as a r a n d o m v ari a bl e i n R H × W × 3 , r e pr es e nti n g t h e
c oll e cti v e o bs er v ati o n of all pi x els i n a n i m a g e wit h h ei g ht
H a n d wi dt h W .

T h e g o al of a cti v e m a p pi n g is t o i d e ntif y a c a m er a p os e,
d e n ot e d as p ∗ , t h at m a xi mi z es t h e e ntr o p y of t h e o bs er v ati o n
Z at t h at p os e. T his is f or m all y e x pr ess e d as:

p ∗ = ar g m a x
p

H (Z p ). ( 1 2)

N ot e t h at w e c a n d e d u c e E q. (1 2 ) fr o m t h e i nf or m ati o n g ai n
or m ut u al i nf or m ati o n I (Z p ; M ) = H (Z p ) − H (Z p |M ),
w h er e M r e pr es e nts t h e r a n d o m v ari a bl e of t h e e ntir e m a p.
T his ass u m es t h at H (Z p |M ) is c o nst a nt, s p e ci fi c all y, t h at
m e as ur e m e nt n ois e r e m ai ns c o nst a nt gi v e n a k n o w n m a p.

T o c o m p ut e H (Z p ), w e i niti all y ass u m e t h at t h e c ol or
of e a c h pi x el is i n d e p e n d e nt of t h e ot h ers. U n d er t his as-
s u m pti o n, t h e e ntr o p y of Z p c a n b e c al c ul at e d as H (Z p ) =

m, n H (Z m n
p ). H o w e v er, t his ass u m pti o n of i n d e p e n d e n c e

m a y n ot al w a ys h ol d tr u e. F or i nst a n c e, w h e n t h e c a m er a is
i n cl os e pr o xi mit y t o a n o bj e ct, t h e pi x els i n t h e i m a g e ar e
oft e n str o n gl y c orr el at e d, p arti c ul arl y si n c e t h e y ar e m e as ur-
i n g p oi nts t h at ar e s p ati all y cl os e. T o a c c o u nt f or t his s p ati al
c orr el ati o n, w e i ntr o d u c e a c orr e cti o n t er m:

H (Z p ) =
m, n

H (Z m n
p ) − f c o r r (H (Z m n

p ); d m n
p ) ( 1 3)

H er e, f c o r r (H (Z m n
p ); d m n

p ) i n c or p or at es s p ati al c orr el ati o n
b as e d o n t h e e x p e ct e d d e pt h d m n

p . F urt h er m or e, w e us e t h e

u p p er b o u n d as pr o p os e d i n [ 1 5 ] t o cl os el y a p pr o xi m at e t h e
e ntr o p y of t h e G M M H (Z m n

p ), as it is k n o w n t h at t h er e is
n o a n al yti c al s ol uti o n f or t h e e ntr o p y of G M M [ 1 5 ]. F urt h er
d et ails o n f c o r r (H (Z m n

p ); d m n
p ) a n d e ntr o p y c o m p ut ati o n

ar e i n cl u d e d i n s u p p m at eri al.
Wit hi n o ur t h e or eti c al fr a m e w or k f or esti m ati n g u n c er-

t ai nt y i n N e R F a n d a cti v e m a p pi n g, all pri or w or ks, t o o ur
b est k n o wl e d g e, c a n b e vi e w e d as s p e ci al c as es. S p e ci fi-
c all y, if w e dr o p t h e visi bilit y f a ct or, e a c h pri or w or k c a n
b e vi e w e d as a s p e ci fi c a p pr o xi m ati o n of o ur m et h o d. F or
i nst a n c e, L e e et al [2 1 ] f o c us es o nl y o n t h e dis cr et e r a n d o m
v ari a bl e, c o m p uti n g t h e S h a n n o n e ntr o p y wit h − w i l o g w i ,
w hi c h c a n b e r e g ar d e d as a si m pli fi e d v ersi o n of o urs, al b eit
e x cl u di n g t h e diff er e nti al e ntr o p y t er m Si mil arl y, [ 3 3 , 3 8 ]
us es t h e w ei g ht e d a v er a g e of p ositi o n- b as e d c ol or v ari a n c e
t o a p pr o xi m at e t h e r a ys- b as e d o bs er v ati o n v ari a n c e, w hi c h
l a c ks t h e or eti c al gr o u n di n g a n d i g n or es t h e visi bilit y f a c-
t or i n w ei g ht c o m p ut ati o n. I n a d diti o n, Z h a n et al [5 1 ] a p-
pr o xi m at e t h e e ntr o p y of r a y- b as e d o bs er v ati o n b y dir e ctl y
s u m mi n g t h e p ositi o n- b as e d e ntr o p y of o c cl usi o n, w h er e as,
si mil arl y, Ya n et al [ 4 9 ] us e t h e w ei g ht e d a v er a g e of p ositi o n-
b as e d e ntr o p y of o c cl usi o n t o a p pr o xi m at e t h e r a y- b as e d
o bs er v ati o n e ntr o p y.

3. 6. A cti v e M a p pi n g Pi p eli n e

H er e w e bri e fl y d es cri b e t h e a cti v e m a p pi n g pi p eli n e usi n g
N V F (ill ustr at e d i n Fi g. 2 ). Pl e as e r ef er t o S u p p. m at eri al
f or m or e d et ails. T h e pr o c ess st arts wit h tr ai ni n g t h e N V F
o n a s m all b at c h of i niti al vi e ws. We e m pl o y t w o str at e gi es
f or n e xt vi e w s el e cti o n. I n t h e s a m pli n g- b as e d str at e g y, w e
s a m pl e N vi e ws fr o m a pri or distri b uti o n, esti m at e t h eir u n-
c ert ai nt y usi n g E q. (1 2 ), a n d s el e ct t h e vi e w wit h m a xi m u m
u n c ert ai nt y. T h e gr a di e nt- b as e d str at e g y is i m pl e m e nt e d b y
a dj usti n g t h e s el e ct e d p os e t hr o u g h gr a di e nt- b as e d o pti mi z a-
ti o n, ai m e d at m a xi mi zi n g e ntr o p y, l e v er a gi n g t h e i n h er e nt
diff er e nti a bilit y of o ur u n c ert ai nt y esti m ati o n m et h o d. L astl y,
t h e a g e nt pr o c e e ds t o c oll e ct a n d i nt e gr at e t h e n e w o bs er v a-
ti o ns i nt o t h e tr ai ni n g vi e ws t o r e-tr ai n t h e N V F m o d el a n d
pl a n t h e n e xt vi e w.

4. E x p e ri m e nts

I n t his s e cti o n, w e s e e k t o v erif y o ur h y p ot h esis t h at ( a) N V F
o ut p erf or ms e xisti n g m et h o ds i n b ot h u n c ert ai nt y q u a nti fi c a-
ti o n a n d a cti v e m a p pi n g b ot h q u a ntit ati v el y a n d q u alit ati v el y;
a n d ( b) t h e visi bilit y t er m pl a ys a vit al r ol e i n t his r es ult.
Si m ul ati o n E n vi r o n m e nts a n d L e a r ni n g S et u p. We c o n-
d u ct e x p eri m e nts o n t hr e e d at as ets of v ar yi n g dif fi c ult y l e v-
els f or a cti v e m a p pi n g: all ass ets fr o m t h e ori gi n al N e R F
d at as et [ 3 0 ], t h e H u b bl e S p a c e Tel es c o p e, a n d a c ust o m s y n-
t h eti c i n d o or R o o m s c e n e. I n p arti c ul ar, t h e R o o m s c e n e
c o nsists of t w o s p a c es di vi d e d b y a w all. S u c c essf ull y m a p-
pi n g t h e s c e n e r e q uir es tr a v ersi n g b ot h s p a c es. We ass u m e
a c c ess t o a c o ars e b o u n di n g b o x t h at c o nt ai ns t h e r e gi o n of
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Fi g ur e 3. Q u alit ati v e r es ults of e nt r o p y esti m ati o n: N V F assi g ns a hi g h er e ntr o p y t o pr e vi o usl y u n o bs er v e d r e gi o ns w hil e t h e b as eli n es d o
n ot disti n g uis h b et w e e n t h e o bs er v e d ( Vi e w 1) a n d u n o bs er v e d r e gi o ns ( Vi e w 2/ 3). S c h e m ati c ill ustr ati o ns of t h e p os es of Vi e w 1, 2, a n d 3
c a n b e f o u n d i n s u p p. m at eri al. N ot e t h at wit hi n e a c h m et h o d a n d s c e n e, all r e n d er e d vi e ws s h ar e t h e s a m e c ol or b ar.

i nt er est. All gr o u n d tr ut h i m a g es us e d f or tr ai ni n g N e R F a n d
ass essi n g r e c o nstr u cti o n q u alit y w er e r e n d er e d usi n g Bl e n d er
at a r es ol uti o n of 5 1 2 × 5 1 2 . We utili z e d I nst a nt- N G P [3 1 ] as
a n ef fi ci e nt b a c k b o n e f or all u n c ert ai nt y esti m ati o n m et h o ds.
All N e R F m o d els w er e tr ai n e d f or 5, 0 0 0 it er ati o ns. F or N V F,
it first tr ai ns t h e I nst a nt- N G P b a c k b o n e, fr e e z es its w ei g hts,
a n d t h e n tr ai ns v ari a n c e a n d visi bilit y h e a ds, t o e ns ur e t h e
p erf or m a n c e i m pr o v e m e nts ar e attri b ut e d t o b ett er e ntr o p y
esti m ati o n i nst e a d of a c h a n g e i n t h e l oss f u n cti o n.

B as eli n es. We c o m p ar e d o ur m et h o d wit h st at e- of-t h e- art
N e R F u n c ert ai nt y q u a nti fi c ati o n a n d a cti v e m a p pi n g m et h-
o ds. T his i n cl u d es t h e w ei g ht distri b uti o n- b as e d e ntr o p y
a p pr o xi m ati o n ( W D) [ 2 1 ]; o c cl usi o n- b as e d e ntr o p y a p pr o xi-
m ati o n ( A cti v e R M A P) [ 5 1 ]; w ei g ht e d o c cl usi o n- b as e d e n-
tr o p y a p pr o xi m ati o n - A cti v eI m pli cit R e c o n ( AI R) [4 9 ], a n d
s p ati al R G B v ari a n c e- b as e d u n c ert ai nt y esti m ati o n A cti v e N-
e R F [ 3 3 ] a n d N e ur A R [3 8 ]. As dis c uss e d e arli er, all of t h es e
w or ks c a n b e vi e w e d as a s p e ci al c as e of o ur m et h o d, w hil e

missi n g k e y as p e cts t h at N V F i ntr o d u c es. I n a d diti o n, w e
i n cl u d e a n a g e nt t h at r a n d o ml y s el e cts vi e ws fr o m t h e c a n di-
d at e p os es ( R a n d o m).

4. 1. U n c e rt ai nt y Esti m ati o n

S et u p . We q u alit ati v el y c o m p ar e t h e u n c ert ai nt y ( e ntr o p y)
m a ps pr o d u c e d b y o ur m et h o d a n d t h e b as eli n es gi v e n a s et
of tr ai ni n g vi e ws. F or e a c h s c e n e, w e d esi g n s c e n ari os w h er e
o nl y c ert ai n r e gi o ns ar e visi bl e i n t h e tr ai ni n g vi e ws. We t h e n
tr ai n all m et h o ds o n t h e s a m e tr ai ni n g vi e ws a n d q u er y f or
u n c ert ai nt y esti m ati o n at a n u ns e e n t est vi e w. A n eff e cti v e
u n c ert ai nt y esti m ati o n m et h o d s h o ul d b e a bl e t o diff er e nti at e
r e gi o ns u n o bs er v e d i n t h e tr ai ni n g s et, as r e c o nstr u cti o n i n
t h es e ar e as is n ois y a n d i n a c c ur at e. F or t h e ” H ot d o g ” s c e n e
fr o m t h e ori gi n al N e R F d at as et, w e r a n d o ml y s a m pl e 2 0
tr ai ni n g vi e ws fr o m a 9 0- d e gr e e s e ct or a b o v e t h e pl at e. I n
t h e H u b bl e s c e n e, w e s a m pl e 2 0 tr ai ni n g vi e ws fr o m a 9 0-
d e gr e e s e ct or o n o n e si d e, k e e pi n g t h e o p p osit e si d e of t h e
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Figure 4. Reconstruction results and camera view distribution: NVF demonstrates superior reconstruction and scene coverage across all
datasets in comparison to baselines. For room scene, only comparable baselines are presented, full results are provided in supp. material.

Hubble out of view. For the Room scene, we sample 30
training views oriented toward the back wall, the common
wall, and the floor of one of the rooms, ensuring that the
other room is unobserved.
Results. In the Hubble and Hotdog scenes, as illustrated
in Fig. 3, all baseline methods fail to accurately capture
the uncertainty in the unobserved areas of the scenes. Sev-
eral baselines assign greater or similar uncertainty to the
observed views as compared to the unobserved ones. A no-
table example is the Room scene. The first view focuses on
the room observed in the training view, while the second
view targets the common wall between the two rooms. The
result indicates that our method differentiates between the
uncertainties in regions seen in training views and unseen
regions by modeling their visibilities. In Hubble and Hotdog,
ActiveNeRF and NeurAR estimate a similar level of uncer-
tainty for both unobserved and observed regions. However,
in the Room scene, the uncertainty in the unobserved region
is estimated to be lower than the observed. This shows that in
complex scenarios, the uncertainty formulations of ActiveN-
eRF and NeurAR are ineffective, and such formulation alone
is insufficient as guidance to explore unobserved regions.

4.2. Active Mapping

Setup. We deploy active mapping agents with the pipeline
described in Sec. 3.6 with different uncertainty estimation
methods. To ensure a fair comparison, all methods are eval-
uated under the same conditions during the comparison, to
ensure that the planning is driven solely by the uncertainty
estimation. Specifically, all candidate views are uniformly
sampled within the space, without any prior constraints (such
as the hemisphere constraint employed in ActiveNeRF). This

approach ensures that a more accurate uncertainty estimation
method will enable the robot to achieve more precise map-
ping results. For all original NeRF assets and Hubble scenes,
we utilize 3-5 initial views covering only a portion of the
scene, to realistically simulate active mapping scenarios. The
Room scene presents the greatest challenge, with nine ini-
tial views sampled from one room, leaving the second room
entirely unexplored. All agents start without knowledge of
the second room’s existence and are expected to discover it
through uncertainty estimation and reconstruct the scene in
20 steps. Please refer to Supp. material for more details.
Evaluation metric. Our evaluation employs three types of
metrics. For novel view synthesis quality, evaluations are
performed at fixed testing viewpoints. We compare views
synthesized by NeRF with ground truth renderings. The er-
rors are quantified using Peak Signal-to-Noise Ratio (PSNR),
Perceptual Image Patch Similarity (PIPS), Learned Percep-
tual Image Patch Similarity (LPIPS) [52], and RGB loss. For
reconstructed mesh quality, we quantitatively evaluate the
geometric accuracy of the scene reconstructions. We employ
the metrics, Accuracy (Acc), Completion (Comp), and Com-
pletion Ratio (CR) as proposed in [43]. For visual coverage
(Vis), we assess the proportion of faces in the ground truth
mesh observed without occlusion during the experiments
over all faces. The visibility of each face in the mesh is
tracked using the ground truth mesh and a rasterizer.
Results. In Table 1, we show the quantitative results of our
approach in comparison to other baselines. For the original
NeRF Assets, we only include the average of the results
across all scenes due to space limitation, detailed results
are provided in supp. material. Our method significantly
outperforms baseline methods achieving higher-quality re-
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Table 1. Evaluation of Reconstructed Models Using Different Methods for Active Mapping

Scene Method PSNR↑ SSIM↑ LPIPS↓ RGB↓ Acc.↓ Comp↓ CR↑ Vis↑

NeRF
Assets
(Avg.)

Random 17.63 0.766 0.264 0.0193 0.0426 0.0401 0.348 0.225
WD 19.91 0.807 0.227 0.0121 0.0311 0.0204 0.479 0.466

ActiveRMAP 20.03 0.807 0.219 0.0118 0.0292 0.0184 0.510 0.471
AIR 19.86 0.807 0.230 0.0118 0.0290 0.0195 0.494 0.453

ActiveNeRF 18.78 0.771 0.281 0.0157 0.0301 0.0238 0.433 0.415
NeurAR 19.58 0.755 0.286 0.0134 0.0347 0.0251 0.452 0.424

NVF (Ours) 23.90 0.890 0.106 0.0045 0.0193 0.0111 0.685 0.532

Hubble

Random 21.76 0.778 0.265 0.0113 0.0734 0.0262 0.329 0.291
WD 24.15 0.855 0.184 0.0039 0.0297 0.0184 0.471 0.571

ActiveRMAP 23.34 0.835 0.205 0.0048 0.0282 0.0162 0.465 0.570
AIR 24.63 0.862 0.182 0.0035 0.0249 0.0140 0.525 0.586

ActiveNeRF 23.33 0.824 0.250 0.0047 0.0355 0.0201 0.442 0.552
NeurAR 25.19 0.772 0.265 0.0030 0.0480 0.0170 0.416 0.537

NVF (Ours) 27.99 0.919 0.100 0.0016 0.0225 0.0110 0.651 0.681

Room

Random 12.95 0.800 0.378 0.0563 0.1837 0.5468 0.338 0.397
WD 13.42 0.792 0.387 0.0533 0.2893 0.5415 0.317 0.428

ActiveRMAP 13.91 0.786 0.412 0.0411 0.2233 0.4646 0.317 0.450
AIR 15.19 0.829 0.386 0.0307 0.2710 0.3153 0.343 0.498

ActiveNeRF 10.69 0.733 0.434 0.0853 0.1847 0.8181 0.292 0.338
NeurAR 12.23 0.584 0.508 0.0599 0.3948 1.2647 0.178 0.375

NVF (Ours) 22.83 0.943 0.156 0.0053 0.1132 0.1997 0.464 0.586

Table 2. Ablation Studies for Active Mapping with NVF

Ablations PSNR↑ SSIM↑ LPIPS↓ Vis↑
w/o Vis. 21.11 0.844 0.187 0.382
w/o Var. 23.77 0.897 0.113 0.551

Ind. Rays 20.32 0.822 0.236 0.482
Loose 22.54 0.881 0.137 0.504

NVF (Ours) 24.42 0.902 0.108 0.546

construction and improved visual coverage. This is espe-
cially evident in challenging scenarios such as the Hubble
and Room scenes, where our method successfully explores
the entire scene and excels across all metrics. In contrast,
baseline methods failed to fully explore these scenes, of-
ten revisiting previously explored areas (see Fig. 4) due to
inadequate uncertainty estimation that overlooks visibility.

4.3. Ablation studies

We ablate key components in NVF to examine their role.
First, we negate the visibility factor by presuming all sam-
pled points as visible to the camera, setting the visibility
head output to 1 for any input. Second, we disregard the
spatial color variance estimation from NeRF, assuming a
constant small uncertainty for all sampled points. Third, we
omit the correlation correction factor, treating all rays as
independent. Lastly, for entropy computation, we substitute
the upper bound proposed by [15] with a looser bound, treat-
ing multiple Gaussians as a single Gaussian following [13].
The average results across all scenes are shown in Table 2,

highlighting the crucial role in the visibility factor, remov-
ing it significantly drops the performance. We also observe
that the correction of independence in Eq. (13) (”Ind. Rays.”
in Tab. 2), and a tighter upper bound (”Loose”) positively
impact performance. However, the position-based color un-
certainty directly predicted by NeRF (”w/o Var.”) plays a less
important role, underscoring visibility as the most critical
factor in uncertainty estimation for active mapping.

5. Conclusion

In this work, we present Neural Visibility Field, a principled
approach that accounts for visibility in uncertainty quan-
tification and provide a unifying view of prior research in
this direction. We empirically demonstrated that NVF sig-
nificantly outperforms baselines in reconstruction quality
and visual coverage across three scenes with varying levels
of complexity. A limitation of our current active mapping
pipeline is that it does not account for the constraints im-
posed on the planned trajectory of an agent. A possible future
direction is to integrate NVF with cost-aware path planning.

Acknowledgments

This work is supported by NSF grant 2101250. We thank
Mehregan Dor for the feedback on the preliminary version,
and the anonymous reviewers for their comments and feed-
back on our manuscript.

18129



References
[1] The determination of next best views. In Proceedings. 1985

IEEE international conference on robotics and automation,
pages 432–435. IEEE, 1985. 2

[2] A solution to the next best view problem for automated sur-
face acquisition. IEEE Transactions on pattern analysis and
machine intelligence, 21(10):1016–1030, 1999. 2
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