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Abstract— In this work, we address the challenge of deploying
Neural Radiance Field (NeRFs) in Simultaneous Localization
and Mapping (SLAM) under the condition of lacking depth
information, relying solely on RGB inputs. The key to unlocking
the full potential of NeRF in such a challenging context lies in
the integration of real-world priors. A crucial prior we explore
is the binary opacity prior of 3D space with opaque objects.
To effectively incorporate this prior into the NeRF framework,
we introduce a ternary-type opacity (TT) model instead, which
categorizes points on a ray intersecting a surface into three
regions: before, on, and behind the surface. This enables a
more accurate rendering of depth, subsequently improving
the performance of image warping techniques. Therefore, we
further propose a novel hybrid odometry (HO) scheme that
merges bundle adjustment and warping-based localization. Our
integrated approach of TT and HO achieves state-of-the-art
performance on synthetic and real-world datasets, in terms of
both speed and accuracy. This breakthrough underscores the
potential of NeRF-SLAM in navigating complex environments
with high fidelity.

I. INTRODUCTION

The advent of Neural Radiance Fields (NeRFs) [1] has
marked a paradigm shift in 3D scene reconstruction method-
ologies. As a result, several NeRF-based Simultaneous Lo-
calization and Mapping (SLAM) frameworks, referred to as
NeRF-SLAM, have been developed recently [2], [3], [4],
[5], [6], [7], [8], [9], [10]. Although existing research has
significantly advanced NeRF-SLAM with RGB-D inputs,
the necessity for RGB-D sensors limits their widespread
adoption. Consequently, there is growing interest in RGB-
only NeRF-SLAM. However, realizing the full potential of
RGB NeRF-SLAM faces numerous challenges.

Three noteworthy attempts for RGB-only NeRF-SLAM
have been made in the literature: NeRF-SLAM [7], DIM-
SLAM [8], and NICER-SLAM [6]. Among them, NeRF-
SLAM uses both pretrained (or separately optimized) poses
and depth networks, and NICER-SLAM uses pretrained
depth networks, making the underlying problems associated
with the task at hand obscure. Our focus is on the core issues
within RGB NeRF-SLAM. DIM-SLAM avoids pretraining
and shows promise. Unfortunately though, it suffers from
instability and high computational requirements. We aim to
refine DIM-SLAM’s approach, and we identify that the speed
and performance can be improved by resolving two major
factors: (i) the failure to satisfy the binary opacity prior, and
(ii) frame-wise volumetric rendering (VR).

On the one hand, we aim to improve the scene representa-
tion by addressing the lack of observed binary opacity, which
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Fig. 1: Qualitative and Quantitative Results. On the left,
we show the rendered RGB and depth from a random pose
after training the whole sequence of Replica [11] room-1.
On the right, we show the speed, tracking error, and mapping
error on Replica office-0. DIM-SLAM∗ refers to our re-
implementation for DIM-SLAM [8].

is expected in rigid 3D scenes with opaque surfaces. Unlike
the RGB-D case, where rendered opacity is directly super-
vised using depths, the RGB-only case exhibits a widely
spread distribution with almost no high opacity values, as
illustrated in Fig. 4 (blue part), which is undesirable. This
motivates us to introduce a binary opacity prior into the RGB
NeRF-SLAM pipeline. However, our analysis of the VR
function reveals that integrating this binary opacity prior is
challenging and may not be necessary. Instead, a ternary-type
opacity (TT) is better suited for meaningful optimization.
Intuitively, during VR, any point behind another opaque point
does not contribute to the rendered image and can have any
opacity and radiance. Their spread, however, turns out to be
hindering during the binary opacity prior integration process.
Therefore, we adopt a ternary-type model as illustrated in
Fig. 4 (orange part), which leads to the desired opacity and
weight distribution along a ray (Fig. 3) and thus improve
performance.

On the other hand, we enhance camera tracking by
avoiding the frame-wise VR. Instead, we propose to use
a hybrid odometry (HO) technique that relies on image
warping for coarse camera localization. The finer adjustments
of the camera odometry are performed during the bundle
adjustment (BA) step, which is conducted jointly during
the mapping process. The proposed HO technique improves
the speed up to an order of magnitude. This speed results
from the fact that the pose initialization required for BA
can be obtained simply by minimizing the photometric error
between the current image and the warped previous images
using the rendered depths (of the so-far reconstructed implicit
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Fig. 2: Inferring the Opacity of a 3D Point. We utilize a set of multi-resolution feature grids which we interpolate at
the desired 3D point. The collected features are passed to a neural network to predict the color and the opacity. Only the
opacity is shown for clarity.

map), similar to the existing works [12], [13].
To summarize, our contributions are: (1) the introduction

of a method to effectively leverage binary opacity prior for
3D surfaces through ternary-type modeling within the RGB-
only NeRF-SLAM framework; (2) detailed theoretical in-
sights into the impact of VR on mapping opaque 3D surfaces
by distinguishing relevant from irrelevant components; (3)
the proposal of HO and demonstration that the proposed TT
prior and HO complement each other, achieving state-of-the-
art results on benchmark datasets in terms of both speed and
accuracy; and (4) a call to fully realize the potential of RGB-
only NeRF-SLAM in future work.

II. RELATED WORK

Visual SLAM. Simultaneous localization and mapping from
2D images is referred to as Visual SLAM [14]. Feature-based
algorithms estimate and track sparse or semi-dense keypoints
across the image sequence [15], while direct methods esti-
mate camera poses by minimizing a photometric error on
the reconstruction [16], [13]. The common stages include
initialization, state prediction, tracking, and correction [17],
[18], [19]. Different threads may be utilized for mapping
and tracking[20], [21], and loop closure detection can also
be incorporated [22], [23].

Neural Implicit Representations. Recently, NeRFs have
emerged as an efficient method for high-quality scene map-
ping using neural networks [1]. Various improvements have
been made to reduce the requirements of accurate and/or
known camera poses [24], [25], [26], to improve training
speed [27], and to increase the scale of the scene [28] and
the rendering quality [29], [30]. Among all related works,
[29] is the one that most relates to our method in binary
opacity modelling. It encourages the density to converge
towards surfaces using a discrete opacity grid representation
and employs binary entropy loss for density. Our work
incorporate the binary opacity in a more continuous manner,
without discretizing the density values.

SLAM with Neural Implicit Representations. Initial re-
search on integrating NeRFs with traditional SLAM systems
uses depth data for training [31], [32], [10]. iMAP [2] uses
a multilayer perceptron (MLP) to represent scene geometry

and employs a keyframe graph to track frames, while NICE-
SLAM [3] and Point-SLAM [4] capture complex scenes and
improve training efficiency using multiple MLPs and a sparse
set of neural points, respectively.

In contrast, methods like [6], [7], [8], [33] do not rely on
explicit depth data. NeRF-SLAM uses a pretrained Droid-
SLAM [34] to get estimated poses and depth directly for the
tracking frontend. NICER-SLAM [6] uses a pretrained depth
predictor and incorporates geometric cues based on RGB
warping, optical flow, and surface normals. Differently, DIM-
SLAM [8] does not require any pretraining and relies on a
photometric loss for geometry consistency. However, due to
the per-frame BA, DIM-SLAM suffers from slow training
speed. Our work advances DIM-SLAM, enhancing both the
speed and performance of the SLAM system.

III. BACKGROUND

In our SLAM system, the scene is represented using two
neural functions for the implicit representation of opacity and
the radiance of the scene, namely ϕo(·) and ϕc(·), respec-
tively. When optimizing the radiance and opacity functions,
we compare image frames with rendered images obtained
by VR, which involves ϕo(·) and ϕc(·) simultaneously. Let
Sl = {Xi}ni=1 be an ordered set of 3D points along a ray
l (emanating out and in front of the camera) that passes
through 2d-pixel x. The rendered RGB value at x is,

I(x) =
∑
Xi∈Sl

wiϕc(Xi), (1)

and the corresponding depth is rendered similarly,

D(x) =
∑
Xi∈Sl

wiDi, (2)

where Di is the depth of point Xi, and the weights wi are:

wi = ϕo(Xi)

i−1∏
j=0

(1− ϕo(Xj)). (3)

We are interested in incorporating the prior for the opaque
surfaces into the NeRF-SLAM system. Following the stan-
dard practice in NeRF [1], we use sigmoid functions to model
the output activations of both ϕo(·) and ϕc(·). We are now
ready to introduce our problem.
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Fig. 3: Opacity and Weights along a Ray. With the ternary-
type opacity (TT), the weights along a randomly sampled ray
are more concentrated near the depth with a higher peak. The
dots on the curves represent the sampled points on the ray.
Data obtained from Replica [11] office-0 at the end of
the training.

IV. TERNARY-TYPE OPACITY

In this section, we provide the insight of TT.

Problem IV.1. Recover the radiance field by minimizing
the image reconstruction error between the ground-truth
(GT) color c and rendered color, under an additional binary
constraint on the weights, in the following form,

minimize
ϕ,wi

∥∥∥∥∥c− ∑
Xi∈Sl

wiϕc(Xi)

∥∥∥∥∥ ,
subject to wi ∈ {0, 1}.

(4)

Correspondingly, Eq. (3) will have the constraint:

wi = ϕo(Xi)

i−1∏
j=0

(1− ϕo(Xj)) ∈ {0, 1}. (5)

Lemma IV.2. The desired weight constraints wi ∈ {0, 1}
for the totally ordered set Sl can be achieved if and only if
at least one of the following statements is true,

i. ϕo(Xi) = 0.

ii. ϕo(Xj) = 1 for some Xj ∈ Sl with j < i.

iii. ϕo(Xi) = 1 and ϕo(Xj) = 0 for all j < i.

Proof: Notice that ϕo(X) ∈ [0, 1], which is a bounded
interval. For forward case, wi = ϕo(Xi)

∏i−1
j=0(1− ϕo(Xj))

results in wi ∈ {0, 1} with cases (i), (ii), and (iii), which
can be verified by computations leading to wi = 0 for (i),
wi = 0 for (ii), and wi = 1 of (iii).

In case (i), all cases with ϕo(Xi) = 0 are already covered.
On the other hand, when ϕo(Xi) < 1, the weights become
wi < 1, as

∏i−1
j=0(1 − ϕo(Xj)) ≤ 1. This leads to the only

wi = 0 choice to be taken, with
∏i−1

j=0(1 − ϕo(Xj)) = 0
being possible only if case (ii) is satisfied. Similarly, when
ϕo(Xi) = 1, wi ∈ {0, 1} is possible only with

∏i−1
j=0(1 −

ϕo(Xj)) ∈ {0, 1}. Under this condition,
∏i−1

j=0(1−ϕo(Xj)) =

0 leads to case (ii), whereas
∏i−1

j=0(1−ϕo(Xj)) = 1 leads to
the case (iii). We exhausted all possibilities for wi ∈ {0, 1},
all of them leading to the listed three statements.

Lemma IV.3. For any given optimal solution of the Prob-
lem IV.1, there exist nonenumerable sets of opacity measures
S∗
o = {ϕo(Xi)|Xi ∈ Sl} leading to the same outcome.

Proof: The proof relies on the fact that some variables
involved, specifically some ϕo(Xi), influence neither the ob-
jective function nor the constraints. For the sake of simplicity
and sufficiency, we provide the proof from the point of view
of an additional point having freedom to have nonenumerable
possibilities, without affecting the discussed objective and
the constraints. In any general setting, any wi ∈ {0, 1}
arising by satisfying any of the statements of Lemma IV.2
may have arisen with a different setting of ϕo(Xi). These
are exactly the possibilities not covered by the statements
in Lemma IV.2. Now it is straightforward to see that the
possibilities not covered by the statements in Lemma IV.2
are indeed nonenumerable. This leads to the nonenumerable
sets of opacity measures S∗

o = {ϕo(Xi)|Xi ∈ Sl} with the
same outcome.

Lemma IV.4. Any set So = {ϕo(Xi) ∈ {0, 1}|Xi ∈ Sl} that
minimizes the objective of Eq. (4), is also a valid solution to
the Problem IV.1.

Proof: The proof is avoided as it is straightforward.

Theorem IV.5 (Relevant Binary-type Opacity). For an or-
dered set So and ordered partition So = {S1

o ,S2
o}, let

S1
o = {Xk}ik=0. If S1

o minimizes the objective of Eq. (4)
with ϕo(X) ∈ {0, 1} for all X ∈ S1

o , except for Xi when
ϕo(X) = 0, then it is also a valid solution to Problem IV.1.

Proof: The proof follows directly from the definitions
and is therefore omitted for brevity.

Note that in Theorem IV.5, the irrelevant set S2
o impacts

neither the objective nor the constraint of the Problem IV.1.
Optimizing S2

o is thus unnecessary. Yet, we have no knowl-
edge of partition So = {S1

o ,S2
o} beforehand. Additionally,

some members of S2
o might affect other pixels cp. In either

case, an eventual division between relevant and irrelevant sets
with the very same properties (except the ordered subsets) is
still achievable. Thus, we proceed with a single pixel-based
formulation, involving a set Sl over the corresponding ray,
maintaining generality for 3D space sets.

In our setting, ϕo(X) can be initialized to any value for
any chosen X. Therefore, we propose to initialize with a
straightforward fixed value of all X ∈ Sl. However, we
also find that some trivial initializations lead to undesired
outcomes during the iterative optimization.

Proposition IV.6. Under the gray-world assumption, the
initializations ϕo(X) = 0,∀X ∈ Sl or ϕo(X) = 1,∀X ∈ Sl

are sub-optimal for iterative optimization of Problem IV.1.

Proof: When ϕo(X) = 0,∀X ∈ Sl or
ϕo(X) = 1,∀X ∈ Sl, this leads to wi = 0 in all cases. Hence,
the term

∑
Xi∈Sl

wiϕc(Xi) = 0 in Equation (4) in the origi-
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Fig. 4: Illustration of Ternary Opacity. Randomly sampled 3D points have their features extracted through interpolation
across multi-resolution feature grids. These features are input to a neural network to predict color and opacity. The resulting
opacity histograms, shown above, demonstrate our method’s effectiveness in generating the desired ternary-type opacity.

nal Problem IV.1, and both the initializations separately result
in zero (also known as black) images. Under the gray world
assumption such initialization is the farthest possible one.
Let [0, Cmax] be the range of the color c. The gray-world
assumption sets the expected value of c to Cmax/2. However,
both initializations lead to c = 0, which is the farthest
value from Cmax/2, which makes such initialization sub-
optimal under the gray-world assumption. In other words,
Cmax/2 would have been a better initialization for the made
assumption, and any initialization between 0 (representing
the zero image) and Cmax/2, would have been better than
the zero image.

We resort to the map initialization step of the SLAM to
initialize ϕo(·). We first present our decomposition of ϕo(·),
which is illustrated in Fig. 2. To obtain the opacity of a 3D
point X, we embed it into a feature vector ϕf (X), and then
decode the feature vector into opacity using decoder ϕd(·)
such that ϕo(X) = ϕd(ϕf (X)). During the map initialization,
we learn and subsequently freeze the decoder ϕd(·), with
only ϕf (·) being optimized in later tracking and mapping
stages. In the latter stage, as we initialize all ϕf (·) with a
constant value η, for any point in the space that has not yet
been optimized, it always has ϕf (·) being η, and thus also
keep the opacity to the initial value, denoted as oinit. Now,
we are interested in addressing the following problem.

Problem IV.7. Optimize the objective function of Prob-
lem IV.1 such that ϕo(X) ∈ {0, 1} for all X ∈ S1

o , while
fixing ϕo(X) = oinit for all the irrelevant part X ∈ S2

o .

Theorem IV.8. The solution to Problem IV.7 will optimize
Problem IV.1 without violating the constraints and with the
optimal transport for |S2

o | >> |S1
o |.

Proof: The first part of the proof concerns establishing
the relationship between the solution to Problem IV.7 to
that of Problem IV.1. In particular, the non-violation of the
constraint is addressed. Note that Problem IV.7 imposes
the constraint ϕo(X) ∈ {0, 1} for all X ∈ S1

o . The use

of these constraints is in fact motivated by the results of
Theorem IV.5. Since Theorem IV.5 assures the validity of
the mentioned constraints to Problem IV.1, this part of the
proof follows as a direct Corollary from the same.

The second part of the proof makes use of the ordered
partition proposed in Theorem IV.5. It has been shown that
the role of S2

o is irrelevant regarding making any difference
to Problem IV.1. It is important to notice that S2

o is a part
of the variables being optimized. However, X ∈ S2

o do not
contribute to the original problem in any form. When the
suggestion of Problem IV.7 on fixing ϕo(X) = oinit for all
irrelevant part X ∈ S2

o is considered, it lowers down the
fraction of variables to be optimized, and in extreme cases
to zero (or close to zero). When the distributions of ϕo(X)
before and after the optimization are compared, it becomes
clear that fixing ϕo(X) = oinit leads to the optimal solution
with the optimal transport, for |S2

o | >> |S1
o | with sufficiently

high |S2
o |. The transport is minimized by fixing ϕo(X) for

all irrelevant parts X ∈ S2
o .

To address Problem IV.7, a crucial unresolved matter
involves dividing the set So into subsets S1

o and S2
o . Un-

fortunately, this division cannot be known beforehand due to
the nature of the SLAM pipeline. It is important to note that
our goal is to produce binary outputs for S1

o and fixed value
of oinit for S2

o , in order to avoid unnecessary updates and
thus make the process faster. On the other hand, imposing
the prior of the necessary conditions on opacity (for binary
weights) can lead to better solutions. To this end, we aim
to model a softly-binarized decoder network ϕd(·) during
the map initialization stage. Learning this decoder jointly
with ϕf (·) allows us to choose oinit meaningfully. More
specifically, during the joint optimization, we set η = 0
so that the outputs of ϕf (·) are initialized to zero. The
optimization process then automatically adjusts ϕd(0) for
the scene, which also corresponds exactly to the irrelevant
set S2

o . Note that ϕf (·) values for S2
o will be fixed at

zeros, as they do not contribute to the optimization objective.
Nevertheless, the value ϕd(0) changes in the initialization
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Fig. 5: Hybrid Odometry. For simplicity t refers to the index of the first frame from the current frame group Gm and T1
is the first frame from the tracking frames. In gradient-based localization by warping, we initialize poses by constant
velocity, render the depth for some pixels on the last few frames T from the previous frame group to get point cloud X ,
and update the camera poses by minimizing the reprojection loss of X to the current frame Gm. In bundle adjustment we
select several keyframes and together with Gm use VR to produce pixel values. The loss is backpropagated to the feature
grids and the camera poses belonging to frames in Gm.

stage, after which it becomes fixed and is referred to as oinit.

Softly-Binarized Decoder. To achieve ϕd(X) ∈ {0, 1} for all
X ∈ S1

o , we aim to binarize the decoder ϕd(·) via an activa-
tion function. However, maintaining high-performance levels
while binarizing activations is challenging. This challenge is
due to neurons’ reduced expressiveness from restricted states
and discrete computational nodes, hindering gradients prop-
agation during training [35]. We address this by applying a
softly-binarized sigmoid activation function with temperature
τ , tuned during the map initialization stage. Consequently,
the final opacity distribution is encouraged to be ternary
which offers better results in our experiments, attributed to
the incorporation of real-world priors and VR formulation.
We use the multi-scale grid-based representation of ϕf (·),
which makes the realization of our algorithm straightforward.

V. HYBRID ODOMETRY FOR NERF-SLAM

A. SLAM System Design

Initialization. During initialization, we take the first N0

frames to train the color and opacity decoder, as well as
the feature grid-based scene representation and the camera
poses. For the first two frames, we use the ground truth of
the camera poses. We then estimate the following (N0 − 2)
camera poses under the constant velocity motion model,
where each pose is derived from the previous two. The loss
used in initialization is similar to the one in BA.

Hybrid Odometry. After initialization, the color and opacity
decoders are fixed. We group the frames and perform HO
through a combination of gradient-based localization (GL)
and BA. Each group has N frames, and thus the m-th group
Gm = {N0 + (m− 1)N + i}Ni=1. For notation purposes, we
define the 0-th group, G0, as the frames used for initialization,
consisting of the first N0 frames. Note that the last group
may have less than N frames, depending on the total number
of frames in the sequence. We perform GL for each frame
in order, and at the end of the group we perform BA for
the whole group. An illustration of this process is shown in
Fig. 5.

B. Gradient-based Localization by Warping

We track the camera frame by frame using GL by warping.
For group Gm, we take the last five frames from the previous
group (i.e., {N0 + (m − 1)N + i}0i=−4, denoted as T )
for tracking reference, and randomly sample P pixels from
frames T . For a sampled pixel x with RGB value Igx , we
render its depth D(x) with the estimated camera pose of its
associated frame, and project it to 3D space with the depth:

X = RK−1[x, 1]⊺D(x) + t, (6)

where R and t are the camera poses associated to the pixel
x, K is the known camera intrinsic matrix. In this manner,

7932



TABLE I: Camera Tracking Results on Replica and 7-Scenes. ATE RMSE [cm] (↓) is used as the evaluation metric.
o-x and r-x denote office-x and room-x respectively in Replica [11]. NICE-SLAM and NeRF-SLAM are taken from
NICER-SLAM [6], and DIM-SLAM∗ is the re-implementation by us. The methods in the upper section of the table utilize
either GT depth or pseudo depth, whereas those in the lower section do not use any depth information.

Replica [11] 7-Scenes [36]
o-0 o-1 o-2 o-3 o-4 r-0 r-1 r-2 chess fire heads kitchen office pumpkin stairs

NICE-SLAM [3] 0.99 0.90 1.39 3.97 3.08 1.69 2.04 1.55 2.16 1.63 7.80 5.73 19.34 3.31 4.31
NICER-SLAM [6] 2.12 3.23 2.12 1.42 2.01 1.36 1.60 1.14 3.28 6.85 4.16 3.94 10.84 20.00 10.81
NeRF-SLAM [7] 12.75 10.34 14.52 20.32 14.96 17.26 11.94 15.76 9.34 8.57 4.44 9.02 16.67 43.96 5.41

DIM-SLAM∗ 0.86 0.47 3.50 1.95 30.39 80.16 10.10 27.48 5.22 9.61 8.01 29.92 9.76 17.12 12.83
Ours 0.59 1.74 1.70 0.81 3.47 4.51 0.91 7.49 4.86 6.00 6.30 7.14 14.14 18.73 12.40

TABLE II: Geometric (L1) and Photometric (PSNR) results on Replica. The pair of numbers denotes Depth L1 [cm]
(↓) and PSNR [dB] (↑), respectively. iMAP and NICE-SLAM are taken from NeRF-SLAM, and DIM-SLAM∗ is our
re-implementation.

o-0 o-1 o-2 o-3 o-4 r-0 r-1 r-2

iMAP [2] (6.43, 7.39) (7.41, 11.89) (14.23, 8.12) (8.68, 5.62) (6.80, 5.98) (5.70, 5.66) (4.93, 5.31) (6.94, 5.64)
NICE-SLAM [3] (1.51, 22.44) (0.93, 25.22) (8.41, 22.79) (10.48, 22.94) (2.43, 24.72) (2.53, 29.90) (3.45, 29.12) (2.93, 19.80)
NeRF-SLAM [7] (2.97, 34.90) (1.98, 53.44) (9.13, 39.30) (10.58, 38.63) (3.59, 39.21) (2.97, 34.90) (2.63, 36.95) (2.58, 40.75)

DIM-SLAM∗ [8] (7.47, 29.44) (6.52, 30.48) (18.35, 20.28) (24.79, 19.93) (37.45, 18.84) (87.23, 8.97) (23.74, 20.76) (33.55, 20.32)
Ours (3.20, 30.34) (2.15, 31.67) (10.43, 23.05) (11.76, 23.32) (13.23, 26.19) (11.86, 21.22) (4.79, 26.29) (20.95, 22.54)

we form a set of 3D points, say X = {Xi}Pi=1, which will
be used as a reference for tracking all frames in Gm.

For frame i ∈ Gm, we first get an initial estimation of the
camera pose with the constant velocity assumption, using
the estimated camera poses [Ri−2, ti−2] and [Ri−1, ti−1], to
get [Ri, ti]. Then we optimize the camera pose using GL via
warping. In each optimization step, we project all points in
X to the image space of frame i:

x̂ ∼ KR⊺
i (X− ti). (7)

All the projected 2D points form a set X̂ = {x̂|X ∈ X}, in
which we filter out the points outside of the image boundaries
to get X̂b ⊆ X̂ .

Finally, L1 loss can be calculated between the RGB value
Igx at original location x and bilinearly interpolated RGB
value at projected location x̂ on current frame i, denoted as
Iix̂(·), which is a function of camera pose [Ri, ti]. Considering
all points in X̂b, we define the tracking loss as:

Ltrack =
∑
x̂∈X̂b

∥Igx − Iix̂(Ri, ti)∥1, (8)

Note that minimizing Ltrack improves the camera pose pa-
rameters. During this process, the functions ϕo(·),ϕc(·),
used during the volumetric process, are not involved. This
omission leads to a significant increase in overall speed, as
the VR process is computationally expensive.

C. Bundle Adjustment

After optimizing the estimated camera poses of all frames
in group Gm through GL, we conduct BA to jointly optimize
these poses and the neural scene representations.

Global Keyframe Set. We maintain a global keyframe set
to ensure consistent scene reconstruction, which is defined

for frame group Gm as

Hm = {1, 1 +H, 1 + 2H, ...} ⊆
m−1⋃
i=0

Gi, (9)

where H sets the keyframe interval. For the computational
efficiency, we select a subset Ĥm based on the overlapping
ratio r, which measures reprojected pixel alignment between
a keyframe h ∈ Hm and the last frame in Gm. Only frames
with r ≥ R will be randomly selected to reach a total number
of L, where R is a predefined threshold.

Optimization. The whole frame set used for BA is Bm =
Gm∪Ĥm. We optimize camera poses in Gm and feature grids
in BA, and fix the camera poses in Ĥm.

For frame i ∈ Bm, we randomly sample Q pixels to get
pixel set Qi. The photometric rendering loss is:

Lrgb =
∑
i∈Bm

∑
p∈Qi

∥Ip − Îp (Ri, ti,F) ∥1, (10)

where Ip and Îp(·) are the ground truth and rendered RGB
values at pixel p, [Ri, ti] represents the camera pose, and the
set of features F represents ϕf (·).

Following DIM-SLAM [8], we use patch-based warping
for geometric consistency. For each pixel p ∈ Qi in frame i,
we generate patches Pz of size z × z, with z from set Z =
{1, 7, 11}, and project them to 3D space and reproject back
to frames in Bm excluding frame i. Patches with less than
5 valid reprojections are removed. The patch-based warping
loss is defined as:

Lwarping =
∑
i∈Bm

∑
p∈Qi

∑
z∈Z

αzLSSIM(Pz, i), (11)

where αz is the loss scalar for patch size z. The structure
similarity loss [37] function LSSIM takes a patch and its
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TABLE III: Ablation Study. ‘TT’ and ‘HO’ denote ternary-
type opacity and hybrid odometry respectively. Results ob-
tained on Replica [11] office-0.

ATE RMSE [cm] ↓ Depth L1 [cm] ↓ PSNR [dB] ↑

w/o TT, HO 70.00 47.95 16.57
w/o HO 40.95 55.62 19.59
w/o TT 2.11 5.20 29.27
Ours 0.59 3.20 30.34

associated frame id as input, defined as:

LSSIM(P, i) =
∑

j∈Bm,j ̸=i

SSIM(IP, ÎP(Ri, ti,Rj , tj ,F)),

(12)
where IP is the GT RGB values for patch P, and ÎP is the
reprojected patch P from frame i to frame j.

Finally, the total loss for BA is the scaled sum:

LBA = αrgbLrgb + αwarpingLwarping, (13)

where αrgb and αwarping are scalars.

VI. EXPERIMENTS

A. Implementation Details

We employ scene feature grids across 7 hierarchies, each
with three color and one opacity channel, decoded by two
MLPs with three hidden layers, where the initial layers
have 32 dimensions with ReLU activation, and the final
employs Sigmoid activation with temperature parameters τ .
For SLAM initialization, we use 15 frames, training over
1500 iterations, initially applying L1 loss for depth, then
incorporating Lwarping and finally Lrgb, adjusting camera
poses after 150 iterations. The challenging kitchen scene
from 7-Scenes necessitates a group size N = 1, unlike others
set at N = 10. For GL, we sample P = 10000 pixels in the
tracking frame set T and optimize the camera poses for 200
iterations. For BA, we take the global keyframe frequency
H = 5, we select L = 10 frames from the global keyframe
set with the overlapping threshold R = 0.1, and run for 300
iterations. Our system, tested on an NVIDIA A100 GPU,
averages 6ms per iteration for Global Localization (GL)
and 145ms for Bundle Adjustment (BA), with learning rates
tailored for different stages and components, and optimal
sigmoid temperatures for opacity and RGB found to be
τ1 = 10 and τ2 = 10 after extensive testing.

B. Datasets

We evaluate our method on synthetic dataset Replica [11]
and real-world dataset 7-Scenes [36]. We use 7 lay-
ers of multi-resolution feature grids, similar to [8].
For Replica, we set the multi-resolution voxel sizes to
{0.64, 0.48, 0.32, 0.24, 0.16, 0.12, 0.08}m, and we sample
Q = 3000 pixels in BA. For more challenging dataset 7-
Scenes, we set a finer multi-resolution feature grids with
sizes {0.48, 0.32, 0.24, 0.16, 0.12, 0.08, 0.04}m to capture
more details. We sample Q = 5000 pixels in BA, as using
more pixels yields marginal accuracy improvements at an
increasing computational cost.

Fig. 6: Ablation Study. Our evaluation on Replica [11]
office-0 with varying BA iterations shows that, unlike
DIM-SLAM [8] which struggles with fewer BA iterations,
our method maintains performance even with reduced itera-
tions. This suggests the ternary-type (TT) opacity contributes
to map training convergence speed and system robustness.

C. Metrics

We assess tracking accuracy using the RMSE of Absolute
Trajectory Error (ATE RMSE), after aligning and scaling
trajectories to ground truth by [38]. Mapping quality is
evaluated on Replica [11] dataset for both geometric and pho-
tometric aspects. In line with NeRF-SLAM [7]’s approach,
we render depth and RGB for all frames using estimated
camera poses post-training. For the geometric evaluation, we
rescale the estimated depth, filter out outlier pixels with a
depth beyond 1m compared from GT, and calculate mean
L1 loss. For the photometric evaluation, we measure PSNR
between rendered and GT RGB images. The final reported
L1 loss and PSNR are averaged across all frames.

D. Quantitative and Qualitative Results

We present both quantitative and qualitative comparisons
of our method against others. For the DIM-SLAM base-
line, we re-implement the code and standardize the hyper-
parameters to ours. As shown in TABLE I, our method
surpasses DIM-SLAM in tracking across most scenes in
Replica [11] and 7-Scenes [36] datasets. In TABLE II,
our method excels in all scenes in both color and depth
mapping. Visual evidence in Fig. 1 (left) demonstrates ac-
curate rendered RGB image and depth map with minimum
artifacts. Furthermore, Fig. 1 (right) shows that our method
is approximately 6x faster than DIM-SLAM, while achieving
lower tracking and mapping errors.

E. Ablation Study

Effectiveness of Ternary-Type Opacity. TABLE III show-
cases the enhanced performance in both mapping and track-
ing with TT. Furthermore, in Fig. 6, we illustrate that our TT
enables a reduction in the number of iterations in BA, with a
minimal decrease in performance compared to DIM-SLAM.
Furthermore, at the end of the training, we randomly sample
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a ray and plot the decoded opacity and calculated weights
along the ray, comparing scenarios with or without TT, as
shown in Fig. 3. With TT, the weights are more concentrated
near the depth with a higher peak. In contrast, without TT,
the weights are less concentrated with an apparent non-zero
region before the depth, and have a lower peak. The right part
of Fig. 3 further illustrates that achieving low weights before
the depth and high weights around the depth is facilitated by
maintaining 0-1 opacity along the ray.

Effectiveness of Hybrid Odometry. With our TT, we
compare the tracking accuracy with and without using
HO, specifically employing camera poses derived from the
constant velocity model without further optimization. As
indicated in TABLE III, using HO is crucial for achieving
favorable mapping and tracking results.

VII. CONCLUSION

We present a method for RGB-only NeRF-SLAM that
benefits from the prior of the opaque scenes, achieved by the
TT modelling of the 3D scenes. Furthermore, we propose a
hybrid method to estimate the camera motion that leads to a
significant increase in overall speed. The theoretical insights
that we provide in analyzing the VR and opaque surfaces, in
our context, are well supported by our experimental results.
In fact, the reported observation has led us to propose a
simple yet very effective strategy to exploit the opaque
surface prior, which in turn offers us both improved accuracy
and speed, thanks to the faster convergence offered by the
proposed TT prior.

Limitations and Future Work. While being online, the
proposed method is not yet real-time on the consumer
devices for many common applications. These requirements
may be addressed by application- and hardware-specific code
optimization and the system configurations, which remains
as the future works.
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