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Abstract

Recovering global human and camera motion from
monocular video is essential for world-coordinate human
reconstruction but remains challenging due to entangled
motions in image space. Traditional SLAM methods es-
timate monocular camera motion but fail in scenes dom-
inated by foreground objects such as humans. A com-
mon workaround is to mask out dynamic objects, yet this
approach becomes brittle when humans occupy most of
the view or the background is too noisy, leading to un-
stable tracking and loss of constraints. This paper takes
the opposite stance and reintegrates human motion as in-
formative landmarks. We introduce HumanBA, a human-
aware bundle adjustment framework that transforms dy-
namic humans into usable constraints via motion decou-
pling. HumanBA subtracts the human-induced compo-
nent from observed joint trajectories, isolating a camera-
induced (pseudo-static) component that can be safely in-
corporated into bundle adjustment alongside background
features. To mitigate noise in global human estimates, Hu-
manBA applies motion refinements and motion-aware reli-
ability weighting. Across EMDB and SLOPER4D bench-
marks, we show consistent improvements on camera pose
estimation and reduce global human reconstruction er-
ror, demonstrating the benefits of treating humans as dy-
namic yet informative landmarks. Our code is available at
https://github.com/MartaYang/HumanBA.

1. Introduction

Recovering humans and cameras in world coordinates from
monocular video requires disentangling the camera motion
from the human motion [9, 30, 39, 44]. In human-centric
videos, these motions are entangled in image space, which
challenges classic Simultaneous Localization and Mapping
(SLAM) pipelines [8, 34] that assume a largely static scene.
As aresult, world-coordinate human mesh recovery (HMR)
methods typically choose between two imperfect strategies:

(a) Human-masked Bundle Adjustment (b) Human-aware Bundle Adjustment

Figure 1. (a) Masked SLAM: Bundle adjustment (BA) opti-
mizes only static landmarks (yellow) by excluding dynamic ob-
jects. (b) Proposed approach: Pseudo-static human landmarks (red
and blue) are incorporated into BA by separating camera-induced
and human-induced motion in observed trajectories.

(1) predict global human motion directly from local observa-
tions using learned local-to-global mappings [30, 33, 46], or
(i1) run SLAM while masking dynamic humans to preserve
static-scene assumptions [39]. The former can be inherently
ambiguous, while the latter can remove valuable constraints
and cause tracking dropouts when the foreground occupies
most of the view or background scene is noisy (e.g., in cases
like Fig. 1a, masked SLAM will fail). This naturally raises
the question: instead of treating the dynamic foreground hu-
man as outliers, can we leverage them as informative con-
straints to improve SLAM?

Recent dynamic-scene SLAM methods [3, 6, 45] support
this perspective: dynamic foreground objects are not inher-
ently problematic. For example, BA-Track [3] leverages dy-
namic 3D point tracker [1, 40] along with a motion decou-
pling mechanism to separate camera-induced motion from
object motion. This allows bundle adjustment to jointly op-
timize camera and object trajectories on the isolated static
motion components. While this improves robustness in dy-
namic scenes, BA-Track is object-agnostic and does not ex-
ploit human-specific priors, which are crucial for human-
centric tasks such as global human and camera motion re-
covery.

Given human-centric video as input, our key observation
is that, if human motion is properly modeled, it is not harm-
ful to bundle adjustment. Furthermore, it can be highly ben-
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eficial in noisy background scenarios (as shown in Fig. 1b).
Bundle adjustment (BA) [37] jointly refines camera poses
and 3D point positions by minimizing reprojection error
across all frames and observations. Unlike local pose es-
timation, BA considers all frames and constraints together,
which significantly improves accuracy and reduces drift.
The real challenge lies in the mixture of camera-induced
and human-induced motion in observed trajectories. When
a human moves between frames, their apparent motion is a
composite of both camera and human motion. Decoupling
these components is highly non-trivial: human motion es-
timates are noisy and naive subtraction can amplify errors
rather than reduce them. Making these dynamic elements
usable as constraints requires careful modeling of motion
priors and reliability.

To address this, we introduce HumanBA, a human-aware
bundle adjustment framework that reintegrates human ge-
ometry into SLAM rather than suppressing it (as shown in
Fig. 1b). Specifically, HumanBA leverages off-the-shelf
human mesh recovery (HMR) models [36, 39, 44] to es-
timate the human-induced motion components (e.g., the
intra-frame movement from red to blue in Fig 1b). We
then perform motion decoupling by subtracting these com-
ponents from observed joint trajectories, isolating a pseudo-
static, camera-induced motion signal (e.g., the inter-frame
movement of same color points in Fig. 1b). Since bundle
adjustment is highly sensitive to the accuracy of reference
constraints [8, 34], HumanBA assigns adaptive weights to
human observations for each BA pair based on its motion
stability over that pair’s temporal span. These weighted
joint observations are then incorporated into bundle adjust-
ment alongside static background features, with unstable
constraints downweighted to preserve robustness.

Our experiments show that HumanBA consistently re-
duces camera jumps and drifting error compared to existing
methods. Moreover, by correcting global camera trajecto-
ries, HumanBA also reduces world-coordinate human mo-
tion errors, demonstrating a clear mutual benefit between
human cues and camera optimization. We highlight our key
contributions as follows:

* A human-aware bundle adjustment formulation that
transforms dynamic human joints into usable constraints
via motion decoupling.

* A confidence weighting mechanism that can adaptively
score human observations based on motion stability.

* Improved camera and human reconstruction in world co-
ordinates across different benchmarks.

2. Related Work
2.1. World Coordinate Human Mesh Recovery

Most HMR methods recover meshes in the camera coor-
dinate frame from image inputs [4, 10, 18, 19, 23, 25,

27, 29, 38, 43]. Even video-based methods [5, 12, 20]
largely remain camera-centric, adding temporal smoothness
but lacking global grounding. Recent work has shifted to-
ward world-coordinate HMR [9, 16, 22, 30, 33, 44, 46, 47],
where the core challenge is disentangling camera motion
from human motion. One class of methods learns local-
to-global mappings that lift local pose and velocity cues to
global human trajectories (e.g., WHAM [30], TRACE [33],
GLAMR [46], and DnD [16]). While effective in some
cases, these predictions are inherently ambiguous—Ilocal
observations (e.g., walking on a treadmill) can correspond
to vastly different global motions.

A second class of methods estimates camera motion ex-
plicitly, then composes it with local human predictions to
obtain global trajectories (e.g., SLAHMR [44], PACE [14],
COIN [17], and SynCHMR [48]), typically using mod-
ern SLAM backends [24, 34, 35]. These approaches must
still resolve monocular scale and handle foreground dy-
namics; joint optimization over scale, pose, and shape can
be computationally heavy and prone to ambiguous min-
ima. Recent systems differ mainly in how they obtain
metric scale: TRAM [39] robustifies SLAM in human-
centric videos and derives scale from background metric
depth (e.g., ZoeDepth [2]), whereas HAC [42] shows that
foreground human depth—specifically contact joints from
HMR—can serve as a reliable, optimization-free source of
scale in the wild.

2.2. SLAM in Dynamic Scenes

Classical visual SLAM [8] assumes a mostly static world,
meaning strong foreground motion violates multi-view con-
sistency and degrades triangulation and bundle adjustment
(BA). The standard remedy is to detect and suppress dy-
namic regions—mask moving objects, discard their fea-
tures, or even inpaint the background—to preserve tracking
and mapping (e.g., DynaSLAM [1], StaticFusion for RGB-
D [28]). While this stabilizes static maps, aggressive mask-
ing in human-centric videos often removes too many con-
straints, leading to brittle tracking and frequent failures.
Beyond outright masking, object-level dynamic SLAM
segments and tracks multiple motions, reconstructing per-
object geometry (e.g., Co-Fusion [26], EM-Fusion [31]).
These methods retain dynamic content but typically treat
it as separate from camera optimization, so dynamic ob-
ject motion rarely contributes to camera bundle adjust-
ment. Recent dynamic-scene BA frameworks argue that
dynamic elements are not inherently problematic—the real
issue is the entanglement of camera-induced and object-
induced motion. BA-Track [3] exemplifies this view by
using a learning-based 3D point tracker to decompose ob-
served motion and isolate the camera-induced component.
This enables bundle adjustment to operate reliably even in
highly dynamic scenes, yielding temporally coherent and
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scale-consistent reconstructions. Our approach builds on
this insight but differs in key ways: rather than relying on
generic point tracking, we leverage structured human mo-
tion priors from off-the-shelf HMR models. We decouple
human-induced motion from joint trajectories and use the
residual pseudo-static component to support BA. Crucially,
we introduce a motion stability-based confidence weight-
ing mechanism that adaptively scores human constraints,
allowing HumanBA to robustly incorporate human joints
as landmarks in SLAM without requiring dense tracking or
post-hoc depth refinement.

3. Preliminaries

3.1. Human Motion in Camera Coordinates

In video-based HMR, the 3D motion across 7' frames is
parameterized in the camera coordinate system by a se-
quence of SMPL variables M® = {0,,8,,%,,T:},_,,
where SMPL [21] is a standard statistical model of hu-
man shape and pose. At each time step ¢, SMPL takes the
body pose 8; € R?3*3, shape 3, € R!?, root orientation
P, € R3, and root translation 7, € R? and produces a set of
24 3D joints J; = J (0, B,, ¥, T¢) € R?*X3, expressed in
the camera coordinate system of frame ¢. Although SMPL
names 1, and T the “global” orientation and translation,
typical HMR methods [5, 10, 12, 13, 15, 41] estimate them
with respect to the camera extrinsics £ = {Rt,Tt}thl,
where R; € R3*3 and T'; € R? denote the per-frame rota-
tion and translation.

3.2. Human Motion in World Coordinates

Following [44, 46], one of our goals is to aggregate the per-
frame local motions M¢ across time into a single world
frame' represented as MY = {Ot,ﬁt,@t,I‘t}thl, which
is decoupled from the per-frame camera extrinsics &. Un-
der standard perspective projection, the camera-frame root
variables 1, , T are obtained by applying &; to the world-
frame root orientation ®, € R? and translation T, € R3:

Y, = R®; 7 =RI+T,. (D

To obtain global motion from local HMR predictions, we
apply the inverse transform of the camera extrinsics to the

local root:
&, =R/ vy,; T,=R/(r,—T)). 2)

These equalities isolate and remove the camera motion
when lifting trajectories into the world frame.

3.3. SLAM and Bundle Adjustment

We estimate camera extrinsics & = {(R;, T)}%_; and per-
keyframe inverse depth (disparity) maps {d;}7_; using vi-
sual SLAM. We use DROID-SLAM [34] as a representative

I'We follow the convention that the first frame’s camera extrinsics define
the world coordinate system.
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Figure 2. Framework overview. We first estimate human-induced
motion from HMR models and SLAM, and isolate them from
the observed trajectories to obtain human landmarks. We then
assign adaptive weights based on motion stability and incorpo-
rate these weighted observations together with scene landmarks
into BA. At each BA iteration, updated camera poses yield up-
dated world-space human motion, enabling a mutually reinforcing
human-aware bundle adjustment.

example, noting that many modern SLAM systems share
similar bundle adjustment (BA) formulations. At the core
of DROID-SLAM is a recurrent optimization over a frame
graph, where each edge (i,j) € Epair connects a pair of
keyframes. For each pair, BA minimizes the reprojection
error between a set of source pixels in frame 7 and their pre-
dicted correspondences in frame j, under the current camera
poses and depth estimates. The objective is:

2
Z Hp?j —II(Gyj o Hc_l(Pi,di))HE_‘7
1,5) €Epairs 7
3)
where I1, and 11! denote projection and unprojection with
intrinsics, G;;(R;, T;, R;,T;) is the relative pose from ¢
to j, and ¥;; = diag(w,;) stores per-pixel independent
confidences predicted by the network. This formulation
penalizes the discrepancy between the learned correspon-
dence p;; and the reprojection of 3D points from frame
1 into frame j under the current geometry. The pixel set
p; typically spans a dense grid at the internal feature res-
olution of the network. In dynamic scenes, foreground
motion violates static multi-view assumptions and desta-
bilizes BA. To mitigate this, masked variants of DROID-
SLAM [39] suppress dynamic regions: human pixels are
excluded from feature matching and assigned zero confi-
dence (w;; = 0), effectively removing them from the op-
timization. Similar strategies are used in dynamic SLAM
systems [1], which downweight or discard features inside
moving-object masks. While this improves robustness, it
also discards potentially informative constraints from dy-
namic foregrounds. Our method takes a different approach:
instead of masking humans, we decouple their motion and
reuse them as reliable landmarks for bundle adjustment.

min
{R:, T}, {di} (
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4. Method

Our goal is to reintegrate masked humans back into bun-
dle adjustment (BA) as pseudo-static landmarks that pro-
vide additional constraints to stabilize camera optimiza-
tion. Fig. 2 outlines the pipeline. We first obtain initial
SLAM and global human motion (Sec. 4.1). We then con-
struct human-aware BA targets from the global motion and
improve their accuracy with light smoothing/jump filter-
ing (Sec. 4.2). Next, we assign adaptive weights to these
human-aware BA targets based on motion stability over the
temporal span (Sec. 4.3). Finally, we augment the standard
BA objective by adding the human-aware term (Sec. 4.4).

4.1. Initial SLAM and Global Human Motion

We start from SLAM estimates of camera extrinsics
EO = {(R;, T;)}_, and a background point set P =
{x! }V_,, along with per-frame local HMR outputs M¢ =
{(8,8,v¢,,7¢)}E,. Using Eq. 2, we obtain an ini-
tial world-space human sequence X", parameterized by
{(0y,B,, ®,T)}_,. Metric scale can be calibrated based
on the background scene [39] and the foreground hu-
man [42].

4.2. Pseudo-static Human as BA Targets

General formulation of human-based BA targets. As
discussed in Sec. 3.3, the choice of reprojection targets p; in
Eq. 3 is critical. Masked DROID-SLAM excludes dynamic
humans foregrounds by suppressing their features and set-
ting their confidence weights to zero (w;; = 0). While
this avoids multi-view violations, it also discards potentially
informative constraints. We propose to reintegrate human
observations into BA by treating selected human points as
pseudo-static landmarks. These can be any reliably track-
able 3D points on the human body—e.g., SMPL joints [21],
mesh vertices, or distinctive clothing features—provided
their motion can be decoupled from camera motion. For
each BA pair (4, j) € Epairs, We define the human-based tar-
get in frame j as the projection of landmarks from frame ¢,
expressed in frame j camera coordinates:

P = I(XY), “)

where X/ denotes the human landmarks from frame i trans-
formed into frame j’s camera coordinate system. As illus-
trated in Fig. 3, we use SMPL joints [21] as X, but the for-
mulation is general.

Motion decoupling for pseudo-static landmarks. But
how to get human at time ¢ under frame j’s camera coordi-
nate X/ (red points on the right of the Fig. 3)? The answer is
motion decoupling: the total observed motion of per-frame
human in each camera coordinate X! to X; (purple arrow
in Fig. 3) can be decomposed into a camera-induced part

Frame;

Figure 3. Example bundle adjustment pair (¢, 7). The observed
displacement from frame ¢ to j (purple arrow) is caused by a
camera-induced part (red arrow) and a human-induced part (blue
arrow). By removing human-induced motion, we obtain a pseudo-
static human X7 from time i in frame j, which can serve as the
human-aware BA target.

(red arrow) and a human-induced part (blue arrow). Given
the current world human motion estimate X" in Sec 4.1,
the human-induced displacement in the world is

whose expression in camera j coordinate is:
AX (i, j) = Rj AX"Y (i, §). (6)

Removing this human-induced motion (blue arrow in
Fig. 3) from the observed human landmarks X;. in camera j
(blue points on the right of Fig. 3) yields the “backward-in-
time” location of the human from frame ¢ in camera j (red
points on the right of Fig. 3):

XI = X7 — AXI (i, j). %

Substituting Eq. 7 into Eq. 4 gives the final human-aware
BA target:

- x)

In short, we compute where the human landmarks would
appear if only the camera moved by subtracting human-
induced displacement from observed motion.

Smoothing and filtering of global human motion. To
improve target accuracy, we refine the initial world trajec-
tory X" before forming human-aware targets. We detect
abnormal steps by thresholding world-frame joint veloc-
ity/acceleration with a robust z-score, replace flagged incre-
ments by the local mean within a short temporal window,
and then recompute the trajectory by cumulative integra-
tion, followed by light Gaussian smoothing. The refined
world joints X" replace X" in the definitions above.

13849



4.3. Adaptive human-aware BA Target Weight

Bundle adjustment is sensitive to the accuracy of refer-
ence landmarks [8, 34], so we assign an adaptive weight to
each human-aware BA target according to motion stability
over the temporal span [i, j]. We first define the interval-
wise maximum discrete acceleration for each joint index
k € [1,24] in the world frame as:

aijr = max [| AT, ©)
where AQ)A(};_’k is the acceleration magnitude of joint k. We
then map aij;k to a confidence with a bounded, monotone
decreasing function:

w = Clamp<1 — log (w), 0, 1) , (10

where 7 > 0 controls the decay, € is a small positive con-
stant, and clamp(x, 0, 1) saturates x into [0, 1]. In the exper-
iments section, we demonstrate empirically that this weight-
ing behaves adaptively: joints near the root tend to have
smaller a;;; and receive larger weights than distal end-
effectors (e.g., hands), and long-span pairs |j—¢| automati-
cally get smaller weights due to larger accumulated human-
motion uncertainty. Both effects reduce the influence of un-
stable constraints while emphasizing reliable ones.

4.4. Human-aware Bundle Adjustment

We augment the background BA objective in Eq. 3 by
adding human-landmark residuals on the same BA pair
set Epuirs. For each (7,7) € Epirs and each joint index
k € [1,24], we use the target p?j“}cn* defined in Eq. 8 and
the geometry-induced projection obtained by transforming
the joint from frame ¢ into frame j’s camera coordinates:

hum __ hum
6" = E ,wwk ’
k

The total BA merges the background pixel residuals and our
human-landmark residuals:

I e - -1 . .
{Rtyglt,l}l}{d,;} . Z (’ pl] HC(GW ° Hc (p’u dl)) ‘
(4,5) EEpairs

. 2
pi =TI GijoX;,k)H . (1D

2

Zi]‘

+ 0.
(12)

Iterative update manner. We follow the standard itera-
tive BA schedule. After each update of the camera extrin-
sics { Ry, T}, we recompute the world-frame human tra-
jectory using Eq. 2 (same lifting as in Sec. 4.1) and re-
fresh the global human motion X*, the human-aware BA
targets p;}'p**, and the weights w'}* for the next BA it-
eration. This alternating refinement lets improved camera
poses yield cleaner human anchors, which in turn provide
more reliable BA targets in subsequent BA steps. Ours over-

all pseudo-code is shown in Algorithm 1.

Algorithm 1 Human-aware Bundle Adjustment

Require: Initial SLAM extrinsics £ = {(R;, T:)}]_,,
inverse depths {d;}, BA pairs Ep,ir, camera intrinsics
II., local HMR M€, iteration number M. N

Ensure: Refined { R;, T';} and global human motion X®.

1: X* < Initial global human from M* and £ ©) > Eq.2

2: X" < Motion-aware refinement of X" > Sec. 4.2
3: form=0—+M—1do
4: p?ﬁ};‘* < Build human-aware BA targets for all
(4,5) € Epairs > Eq. 8
5: a;j,1 < World-frame motion stability > Eq. 9
6: w?]“}f + Motion-aware BA weights > Eq. 10
7: (hvm ¢« Human-aware BA cost term >Eq. 11
8: Update { Ry, T}, {d;} by minimizing the total BA
term > Eq. 12
9: X" < Global human by new extrinsic > Eq. 2
10: X" <— Motion-aware refinement of X" > Sec. 4.2
11: end for

5. Experiments

5.1. Implementation Details, Dataset and Metrics

Datasets. We evaluate the global human motion and cam-
era motion on a subset of EMDB (EMDB2) [11] follow-
ing previous global HMR works [30, 44]. EMDB2 con-
tains 25 sequences captured by a dynamic camera and pro-
vides ground truth global motion for both the human and
the camera. We also evaluate on SLOPER4D [7], an ego-
centric dataset captured in urban scenes, providing scene
point clouds and global human/camera annotations. Since
several sequences are very long, triggering the SLAM BA
keyframe limit, we evaluate on a 3-sequence subset of the
publicly released split (6 sequences in total) of this dataset,
more details are provided in Sec. A of the Supplementary.
Camera Motion Metrics. Following SLAM conven-
tion [14, 32], we evaluate and report: (a) ATE (m), the Av-
erage Translation Error after rigidly aligning the camera tra-
jectories; and (b) ATE-S (m), the Average Translation Error
without scale alignment, providing a more accurate reflec-
tion of inaccuracies in the estimated scale of the scene.
Human Motion Metrics. We follow previous works [14,
30, 44] to evaluate global human motion in world coordi-
nates with (a) WA-MPJPE (mm), the average Euclidean
distance between the ground truth and the predicted joint
positions (i.e. MPJPE) after aligning each segment for every
100 frames; (b) W-MPJPE (mm), the MPJPE error after
only aligning the first two frames of each 100-frames seg-
ments with the ground truth; and (c) RTE (%), the human
root translation error normalized by total sequence displace-
ment after rigid alignment. For local mesh accuracy, we
also report (d) PA-MPJPE (mm): MPJPE after per-frame
procrustes alignment.

13850



Implementation Details. We use DROID-SLAM [34] as
our base SLAM system and run the human-aware BA for
19 iterations, the same as the original iteration number. Be-
cause DROID-SLAM operates on a 64 x 48 feature map, all
6890 SMPL vertices as BA targets is infeasible, so we select
the 24 kinematic joints as landmarks. We adopt a z-score
threshold |z| > 3.5 on world-frame joint velocity for global
human motion refinement (Sec. 4.2). As for acceleration-
based BA target weight in Eq. 10, we use a dataset-specific
decay: 7=1.0 on EMDB2 and 7=2.0 on SLOPERA4D [7].

5.2. Ablations

Effectiveness of reintegrating Human in BA. Tab. | com-
pares three settings on EMDB2 [11]. w/o Mask (top
block) performs worst in human-centric videos because
strong foreground motion violates static-scene assumptions.
Masked SLAM (middle block) stabilizes tracking by remov-
ing human pixels, but also discards useful constraints. Rein-
tegrating humans as BA targets (bottom block) goes fur-
ther: it reuses foreground humans as inliers via pseudo-
static landmarks (Sec. 4.2), yielding additional gains over
the masked baseline (last row). The improvement is larger
after filtering sequences with pronounced inter-frame mo-
tion/acceleration spikes (Tab. 2, sequence details are pro-
vided in Sec. A of the Supplementary), indicating that Hu-
manBA effectively corrects failure cases rather than merely
smoothing already stable trajectories.

Effect of human-motion refinement. Human-motion re-
finement is crucial because bundle adjustment is sensitive
to noisy references. In the bottom block of Tab. 1, using hu-
man joints as BA targets without motion-aware refinement
(third row) yields smaller gains than with our refinement
(last row). This indicates that denoising the global human
trajectory successfully stabilizes optimization and improves
accuracy.

Which human joints as BA target? Not all human parts
are equally reliable as BA target constraints. Treating all
joints equally (fourth row in Tab. 1) performs worse due to
limb jitter and end-joints noise. Heuristically using only
the root joint is more stable and can especially improve
ATE-S. Going a step further, our adaptive target-weighting
(Sec. 4.3, last row) achieves the best results, consistently
improving camera metrics (ATE/ATE-S) and human met-
rics (W-MPJPE/WA-MPIJPE).

Analysis of the target-weighting mechanism. We analyze
learned weights across joints and temporal spans. As shown
in Fig. 5a, the model assigns higher weights to proximal
joints (e.g., root, hip, and spine) and down-weights distal
end-effectors (e.g., hands), matching their relative stabil-
ity. Fig. 5b shows that weights decrease as the pair span
|7—i| increases, reflecting larger accumulated uncertainty
over longer intervals. Both trends align with the design goal
of emphasizing reliable constraints and suppressing unsta-
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Figure 4. Impact of the number of BA iterations on ATE and ATE-

S for EMDB2 [11] sequences with pronounced inter-frame motion
spikes. Both metrics demonstrate a graceful decrease and quick
convergence.
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Figure 5. Analysis of the target-weighting mechanism (Sec. 4.3).

ble ones.

Iterative updates. Fig. 4 plots the two camera evaluation
metrics with respect to the number of bundle adjustment
iterations on above mentioned sequences with abrupt inter-
frame motion changes. The errors gracefully decrease with
increasing iterations, converging to the final result after 8-
10 iterations.

5.3. Comparison with the State-of-the-art

We benchmark our method against prior work and present
two key findings. First, we show leveraging humans as BA
targets improves SLAM robustness and accuracy, fixing tra-
jectory jump failures in human-dominant scenes. Second,
we demonstrate better camera estimates can feed back to
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Table 1. Ablation studies of our methods on EMDB?2 dataset [11]. The table consists of three ablation sections: (a) without Mask: no
handling of dynamic humans; (b) Masked SLAM: ignore foreground humans; (c) Masked SLAM + Human-aware bundle adjustment:
leveraging human joints as pseudo-static landmarks. Lower is better for all metrics. Best results are in bold.

Dynamic Mask Human Motion = Adaptive HumanBA | Camera Metrics Human Metrics
Refinement Target Weight ATE-S| ATE| | W-MPJPE| WA-MPJPE|
w/o Mask - 7.957 2948 1071.49 421.67
Masked DROID - - 7.25 0.369 949.54 396.00
Masked DROID + scale est. [39] - - 0.708 0.369 230.97 79.80
Masked DROID + HumanBA X X 0.706 0.404 215.56 77.90
Masked DROID + HumanBA v X (all joints) 0.791 0.508 224.75 82.71
Masked DROID + HumanBA v X (only root) 0.718 0.398 211.86 74.81
Masked DROID + HumanBA v v 0.682  0.358 195.97 70.10

Table 2. Ablation studies of our methods on EMDB2 [11] sequences with pronounced inter-frame motion spikes.

Ablation Study Camera Metrics Human Metrics
ATE-S| ATE| | W-MPJPE| WA-MPJPE|

Masked DROID + scale est. [39] 0.649 0.323 232.34 84.93

Masked DROID + HumanBA (ours) 0.525 0.285 193.69 74.49

Table 3. Camera pose error (ATE) on EMDB?2 [11] by sequence
length: short (<40 sec), medium (<60 sec), long (>60 sec), and
Avg.(seq), the mean over all sequences. The top block lists ORB-
SLAM?2 [24] variants; the bottom block lists DROID-SLAM [34]
variants. Gray rows denote numbers reported by original papers,
while * denotes the errors we achieve from their model release.

ATE]
Methods Short Medium Long | Avg.(seq)
ORB-SLAM?2 [24] 0.08 0.29 2.08 1.05
Masked ORB-SLAM?2 [39] | 0.38 0.60 1.10 0.79
DROID-SLAM [34] 0.40 2.55 3.31 242
39
Masked DROID* [39] 0.24 0.25 0.47 0.34
HumanBA (ours) 0.24 0.21 0.48 0.32

Table 4. Comparison of scale-aware camera motion error (ATE-S)
across sequence lengths on EMDB2 [11]. The evaluation protocol
is the same as Tab. 3.

ATE-S|
Methods Short Medium Long | Avg.(seq)
39
TRAM* [39] 0.51 0.62 0.81 0.67
HumanBA (ours) | 0.37 0.45 0.90 0.61

stronger world-coordinate human reconstructions, confirm-
ing the mutual benefit highlighted in our method.

Humans improve SLAM. Tab. 3 shows that HumanBA
yields the best overall ATE averages compared with
prior SLAM methods (e.g., ORB-SLAM2 [24]), DROID-
SLAM [34], and their variants. Against masked DROID-
SLAM, HumanBA outperforms on Short and Medium se-
quences and is on par on Long. For scale-aware evalua-
tion in Tab. 4, HumanBA clearly surpasses TRAM [39] on
Short/Medium and remains competitive on Long, leading to
better overall averages. Tab. 5 evaluates our performance on
a subset of SLOPER4D [7] as described in Sec. 5.1. In this

Table 5. Comparison result of camera and human metrics on a
subset of SLOPER4D [7] dataset. * denotes the errors we achieve
from their model release.

Methods Camera Metrics Human Metrics
ATE-S| ATE| | W-MPJPE| WA-MPJPE|

TRAM* [39] 4.05 1.89 736.90 131.42

HumanBA (ours) 3.10 1.86 674.45 122.67

more challenging dataset, HumanBA is substantially better
than TRAM in ATE-S. These consistent ATE-S gains sug-
gest that using humans as landmarks provides more reliable
scale than background depth cues used by TRAM. Visu-
alizations in Fig. 6 show that our method can mitigate the
“masked SLAM” jumps and failure cases when the fore-
ground human occupies large image regions.

Better SLAM yields better global humans. As shown
in Tab. 6 and Tab. 5, HumanBA achieves lower world-
coordinate human error (W-MPJPE and WA-MPJPE) and
reduces root translation error than previous SOTA meth-
ods on two datasets. Noting that we do not have much
improvement on PA-MPJPE (local pose metric) since lo-
cal HMR is unchanged in our pipeline. However, the gains
on world metrics indicate that improved camera motion by
our human-aware BA substantially strengthens global hu-
man motion. This highlights a key insight: accurate global
placement (camera translation and world alignment) often
dominates global human accuracy—even when the local
pose itself is unchanged. As shown in Fig. 7, world-space
human visualization further shows HumanBA has smoother
trajectories and fewer breaks compared to TRAM.

6. Conclusions and Outlook

We presented HumanBA, a human-aware bundle adjust-
ment that reintegrates foreground humans into the SLAM
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Figure 7. Qualitative examples of human motion in the world coordinate. We show that HumanBA can recover global human motions
more accurately than the previous state-of-the-art method TRAM [39].

Table 6. SOTA comparison for global and local human mo-
tion on the EMDB2 [11]. * denotes the errors we achieve from
TRAM’s [39] model release.

Models EMDB2

W-MPJPE| WA-MPJPE| PA-MPJPE| RTE]|
GLAMR [46] 726.6 280.8 56.0 16.7
TRACE [33] 1702.3 529.0 58.0 18.9
SLAHMR [44] 776.1 326.9 61.5 10.2
WHAM [30] 354.8 135.6 41.9 6.0
TRAM [39] 2224 76.4 38.1 1.4
TRAM* [39] 231.0 79.8 38.6 13
HumanBA (Ours) 196.0 70.1 38.6 1.2

optimization instead of masking them out. By decoupling
observed motion into camera-induced and human-induced
components, and constructing pseudo-static landmarks as
BA targets on the existing factor graph, HumanBA stabi-
lizes SLAM and, in turn, delivers stronger world-coordinate
human estimation. Experiments show fewer trajectory
jumps and drifting, and our adaptive acceleration-based
weighting indeed emphasizes reliable joints and naturally
down-weights long-span, uncertain pairs.

P6_49 outdoor_big_stairs_down

® w/oHu

D HumanBA (Ours)

manBA

P3_29 outdoor_stairs_up P3_30_outdoor_stairs_down

8 -12 -10 -8 -6 -4 -2 0 2

©® w/HumanBA
Figure 6. Camera trajectory before and after human-aware bundle adjustment. Our method shows less drifting and aligns more closely with
ground truth than masked DROID-SLAM. Especially, HumanBA can mitigate SLAM failure like trajectory jump in the left-most case.

There are some settings on which our approach still
struggles, giving clear indications as future work. First and
foremost, our targets are derived from HMR; when there
are strong occlusions, out-of-view joints, unusual apparel,
or fast articulations, HMR itself struggles, which in turn
may induce anchor drift. While our target weighting mech-
anism suppresses unstable joints, extreme cases may still
have some impact. Secondly, our human-motion refinement
currently adjusts only the root translation. If local HMR
has catastrophic errors or is highly jittery, these errors can
leak into the pseudo-static landmarks and weaken the BA
benefits. Despite these limitations, our results confirm that
HMR-modeled dynamic humans can serve as effective geo-
metric constraints for SLAM when combined with carefully
designed BA targets.
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