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Abstract

Cross-view 3D human pose tracking pipelines built on linear triangulation and uniform cross-
view affinities are brittle under realistic input degradation: a single bad camera, a low confi-
dence detection, or a frame-level desync can collapse the 3D solve. We extend the Chen et
al. [2] cross-view tracker with three classical, neural-network-free upgrades: IRLS triangula-
tion with Huber and Tukey losses and a confidence prior, an uncertainty-aware Mahalanobis
cross-view affinity, and a per-joint constant-velocity Kalman filter whose measurement co-
variance is driven by IRLS residuals. We evaluate every combination on the Campus and
Shelf benchmarks across four families of input perturbation, three random seeds each. The
full pipeline cuts MPJPE under Campus occlusion 20% from 219.2 mm to 19.7mm (11x),
flips MOTA from —0.76 to +0.87, and resolves a latent failure of the baseline time-delay
perturbation (every method scored 0% PCP) by fixing three compounding bugs in the per-
turbation and slot-writing code (full pipeline now scores 98.5% PCP). On Shelf, only the
two configurations that include uncertainty-aware affinity initialise tracked identities under
occlusion. The others simply do not track. Code, data, and per-seed runs are available at

Harsha Basavaraj Beth

https://github.com/seantomany/585Project/tree/jigar—-endterm.

1 Introduction

Useful exercise feedback depends on knowing
whether joint angles, depth, and symmetry stay
within safe ranges throughout a movement. A sin-
gle RGB camera estimates 2D joint positions reli-
ably but cannot resolve depth or out-of-plane rota-
tion. Multi-view 3D pose estimation addresses this
by triangulating 2D detections from calibrated cam-
eras into 3D joint positions that support real angle
measurements.

Practical multi-camera setups violate the assump-
tions of textbook triangulation in three ways. Cam-
eras drift out of synchronisation, so corresponding
2D joints come from slightly different moments. 2D
detectors hallucinate or drop joints under occlusion
and motion blur. And per-joint detection confidence
varies by an order of magnitude across cameras and
time, but the standard pipeline ignores it. Chen et al.

[2] identify the synchronisation problem and propose
incremental triangulation. We focus on making the
underlying solve robust to all three failures simulta-
neously, while keeping every decision auditable per
joint and per camera.

Our course constraint to avoid neural networks
in the evaluated pipeline fits the problem well. We
treat pre-computed 2D joint detections as inputs
and replace the triangulation, affinity, and temporal-
smoothing modules with classical robust statistics.
A repository-wide grep across the nine evaluated
source files returns no matches for torch, tensor-
flow, cnn, transformer, or any common learned-
model identifier. A separate single-camera Medi-
aPipe demo for live exercise feedback does use a
learned 2D detector, but is not part of the multi-view
evaluation reported here.


https://github.com/seantomany/585Project/tree/jigar-endterm

Heavy occlusion - 20 % — baseline collapses, our method survives

Figure 1: Headline result. MPJPE under occlusion
20% (Campus, left; Shelf, right). The full pipeline cuts
Campus joint error 11x (219.2 — 19.7mm). On Shelf,
three of five methods collapse to zero tracked identities
(red badges). Only configurations with uncertainty-aware
affinity initialise.

Contributions.

1. IRLS robust triangulation with Huber and
Tukey biweight losses and a per-joint
detection-confidence prior (§4.1).

2. Uncertainty-aware Mahalanobis affinity for
cross-view matching, with variance scaling
with the inverse detection confidence (§4.2).

3. Per-joint constant-velocity Kalman filter
whose measurement covariance is driven by
IRLS residual magnitude, coupling the spatial
and temporal robustness terms (§4.3).

4. Three latent-bug fixes in the perturbation har-
ness (§4.4) that took the time-delay perturba-
tion from 0% PCP for every method to 98.5%
PCP for the full pipeline.

5. Multi-seed evaluation of all five methods
across four perturbation families on both Cam-
pus and Shelf (§5), including MPJPE, P-
MPIJPE, MOTA, and PCP.

2 Related Work

Belagiannis et al. [1] introduced 3D Pictorial
Structures and established the Campus and Shelf
benchmarks for multi-person multi-view 3D pose.
Pavlakos et al. [7] extended multi-view fusion using
discretised 3D volumes with dynamic-programming
inference. Dong et al. [3] (MVPose) combined
geometry with learned appearance features for

cross-view matching. Our uncertainty-aware affin-
ity adapts MVPose’s matching cost to a purely
detection-confidence-based form, with no learned re-
identification. Chen et al. [2], our baseline, showed
that maintaining persistent 3D targets with incremen-
tal triangulation achieves real-time accuracy using
only geometric cues. We fork the Varun-Tandon14
reimplementation [8] of that work.

The robust-statistics ingredients are classical.
Hartley and Sturm [4] formalised optimal triangu-
lation. Triggs et al. [9] treat bundle adjustment as
iteratively-reweighted nonlinear least squares with
robust losses, which is the conceptual root of our
IRLS step. The Huber [5] and Tukey [10] biweight
losses are the standard M-estimators we use. Kalman
[6] provides the temporal smoother.

3 Data and Experimental Setup

3.1 Datasets

Campus [1] consists of 3 outdoor calibrated cameras
observing 3 people for ~2,000 frames, with 2D de-
tections at 17 keypoints, per-joint confidence scores,
and ground-truth 3D annotations on the canonical
evaluation range (frames 350-470 U 650-750, ~376
GT poses). Shelf (same paper) is an indoor se-
quence with 5 cameras and 4 people, evaluated on
frames 300-599. Shelf uses 14 keypoints. We remap
COCO-17 outputs to Shelf-14 to match the official
evaluator. Both datasets are downloadable as a single
archive from the longcw mirror linked in the project
repository.

3.2 Baseline

The baseline is the unmodified Varun-Tandonl4
reimplementation of Chen et al. [2]: linear DLT
triangulation (SVD on stacked epipolar rows), uni-
form cross-view 2D/3D affinity, two-point velocity
estimation, and BIP graph partitioning (GLPK) for
new-target initialisation. The baseline assumes every
camera observation is equally trustworthy, ignores
detector confidence, and has no temporal smoothing.



3.3 Perturbation Harness

We built a perturbation harness in robustness.py that
injects four classes of controlled corruption on top
of the per-camera 2D detections, selectable from the
command line:

* Outlier noise: per-joint Bernoulli sampling
(p € {0.05,0.10,0.20}) of joints, then Gaus-
sian pixel noise (o =40 px).

* Occlusion: zero confidence for a sampled frac-
tion of joints (p€{0.10,0.20}).

* Limb drop: delete a randomly chosen COCO
limb group with probability p=0.20.

* Time delay: shift one camera’s frames by up
to two frame intervals to simulate desynchro-
nised streams.

For each perturbation we sweep all five methods
across three random seeds (42, 43, 44) and report
mean —+ standard deviation.

3.4 Metrics

We report four metrics. PCP (Belagiannis conven-
tion) is the percentage of correctly localised body
parts averaged over the six bone groups. MPJPE is
the mean per-joint position error in millimetres. P-
MPIJPE is MPJPE after Procrustes alignment (rota-
tion, translation, scale) and isolates pose shape qual-
ity from global position drift. MOTA = 1—(misses+
FP + IDsw)/GT summarises tracking integrity and
can be negative.

4 Method

We keep the existing pipeline structure and replace
three modules. IRLS triangulation and uncertainty-
aware affinity were the primary proposal contribu-
tions. Kalman smoothing was secondary. The per-
turbation harness and bug fixes emerged during eval-
uation.

4.1 Robust Triangulation via IRLS

For a 3D joint X observed in camera ¢ with projec-
tion 7; () and detected 2D point x;, the reprojection
residual is

7i(X) = [|[mi(X) — x4 2. (1)

We solve the robust objective

N
X* = argmin y _ p(ri(X)), )

=1

with p either the Huber loss or the Tukey biweight.
Per-camera weights come from the influence func-

tion ¢(r) = p/(r):

w; = 201 3)

T

multiplied by a detection-confidence prior so low-
confidence joints matter less from the start:

W; o< (8; +€) w;. 4)

The MAD scale ¢ = median(|r|)/0.6745 tunes
the loss. Convergence is typically 3-6 iterations
on Campus, capped at 10. Each iteration solves a
weighted homogeneous SVD, so for any joint we can
read off which cameras were trusted.

4.2 Uncertainty-Aware Matching Affinity

We reinterpret the cross-view affinity terms as neg-
ative log-likelihoods under a Gaussian noise model
whose variance comes from detector confidence:
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The matching cost between candidates a in camera ¢
and b in camera j becomes
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(6)

The same weighting is used for the 3D point-to-ray
cost and for epipolar clustering at new-target initial-
isation.

4.3 Per-Joint Kalman Smoothing

Each tracked person has an independent constant-

velocity Kalman filter per joint, with state
[2,Y, 2, Vg, vy, V5] T
Xi = X1 + At X+, (7
Zy =X+ 1. 8)



The measurement covariance Ry is scaled by the me-
dian IRLS residual at frame ¢, so triangulations IRLS
already flagged as noisy are smoothed harder. We
use the online filter only. The offline RTS smoother
was de-prioritised in favour of broader robustness
sweeps.

4.4 Three Bug Fixes in the Perturbation
Pipeline

The original time-delay perturbation reported 0%
PCP for every method, including the unmodified
baseline. We traced this to three compounding bugs:

1. Cascading mutation in inject_time_delay (in
robustness.py): the function shifted frames in
place while iterating, so the already-shifted
frame N was used as input when shifting
frame N+1. Fix: snapshot original poses per
camera before any mutation.

2. Empty-source overwrite: when a delayed
source frame had no detections, the writer
copied the empty list over a populated desti-
nation. Fix: skip empty sources.

3. Partial-frame intolerance in
helpers.get_latest_3D_poses and the slot
writer in tracking.py: any None slot in a
partial frame raised, even though time-delay
legitimately produces them. Fix: tolerate
None slots, append-when-None for slot
writes.

After these fixes the full pipeline achieves 0.985 +
0.014 PCP on the time-delay perturbation. See Ta-
ble 1. We also fixed an indexing bug in the cross-
view affinity routine that assumed equal per-camera
detection counts and crashed on Shelf.

4.5 Skeleton and Exercise-Feedback Layer

We added skeleton renderers for COCO-17 and
Shelf-14, joint-angle computation

B (A-B)-(C - B)
b= arccos(nA—Buz HC—B||2> Y

threshold-based form-deviation flags (knee flexion,
hip hinge, trunk tilt), and a single-camera Gradio
demo. The single-camera demo uses MediaPipe
Pose for keypoint extraction. The multi-view eval-
uated pipeline does not.
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Figure 2: MPJPE across methods x perturbations
(Campus top, Shelf bottom; mean =+ std, 3 seeds). Each
cluster shows the five methods at one perturbation level.
The full pipeline (rightmost in each group, green) is con-
sistently lowest on Campus, with the largest margin un-
der occlusion and time-delay. On Shelf, three of the five
methods are absent under occlusion because they failed to
initialise (see Table 3).

5 Results

5.1 Campus

Tables 1 and 2 report PCP and MPJPE on Campus
across all four perturbation families. Figure 2 visu-
alises the MPJPE table grouped by method. Three
patterns matter.

Clean-data parity. All five configurations score
> 0.999 PCP on clean Campus and MPJPE within
0.4 mm of the baseline (3.62 mm vs. 4.01 mm for the
full pipeline). Our changes do not hurt the easy case.
The gains are concentrated where they should be.

Occlusion is the headline. Under occlusion 20%,
baseline MPJPE collapses to 219.2 + 7.6 mm and
PCP drops to 0.241 £ 0.013. The full pipeline holds
at 19.7 = 2.0mm and 0.781 & 0.029 PCP, an 11x
MPIJPE reduction. The MOTA flip is just as decisive:
from —0.76040.024 (errors exceed ground-truth de-
tections, i.e., the tracker is worse than not running it)
to +0.874 £ 0.022. IRLS alone closes most of the
gap (Huber: 41.3mm). Kalman tightens it further.
The affinity term does little on Campus by itself but
matters in the full model, where its covariance scal-
ing feeds back into the Kalman update.



Clean Outlier Occlusion Limb drop | Time delay
Method — 10% 20% 10% 20% 20% —
Baseline 1.000 | 0.541 +.051 0.305 £.007 | 0.463 +.004 0.241 +.013 | 0.759 4+.008 | 0.707 +.187
IRLS-Huber 1.000 | 0.602 +.013 0.285 +.056 | 0.927 +.010 0.777 +£.014 | 0.972 +.016 | 0.705 +.185
IRLS-Tukey 1.000 | 0.588 +.042 0.310 4.057 | 0.912 +.030 0.776 +.015| 0.972 £.016 | 0.704 +.184
IRLS + Uncertainty | 1.000 | 0.425 +£.059 0.252 +.015 | 0.787 £.067 0.595 +£.052 | 0.893 +.062 | 0.705 +.185
Full (ours) 1.000 | 0.625 +.008 0.334 +.010 | 0.939 +.022 0.781 +£.029 | 0.979 +.007 | 0.985 +.014

Table 1: Campus PCP (averaged over six bone groups, mean =+ std across 3 seeds). Higher is better.

The full pipeline

wins or ties on every column. The time-delay column is enabled by the bug fixes in §4.4. Before the fixes every method

scored 0.000.

Clean Outlier Occlusion Limb drop | Time delay
Method — 10% 20% 10% 20% 20% —
Baseline 362 | 582+72 104.6 £64 | 1194 £35 2192 £76| 44.7 £23 | 40.3 £209
IRLS-Huber 377 | 56.9 £32 125.6 £165| 14.6 +05 41.34+06 | 6.9 +05 41.1 +21.2
IRLS-Tukey 3.83 | 84.4 +£273 1249 +17.7| 15.1 £09 41.8 +05 7.0 £0.5 41.9 216
IRLS + Uncertainty | 3.77 | 90.0 £18.0 138.4 494 | 30.1 £106 66.7 +8.5 | 17.6 £8.7 | 41.1 £21.2
Full (ours) 401 | 23.54+04 44.8 +2.0 8.1+13 19.7 £20 5.2 +04 7.4 £2.9

Table 2: Campus MPJPE (mm), mean =+ std across 3 seeds. Lower is better. Under occlusion 20% the full pipeline
reduces error 11x relative to the baseline (219 — 19.7 mm). Note that on Campus, IRLS + Uncertainty in isolation is

worse than IRLS alone. The affinity term is helpful only once Kalman closes the loop in the full model.

Time-delay was a hidden 0%. Before our bug
fixes (§4.4), every method scored 0% PCP on time-
delay (including the baseline) because of cascading
mutation plus partial-frame intolerance in the orig-
inal code. After the fixes, the full pipeline scores
0.985 + 0.014 PCP, with MPJPE 7.4 4+ 2.9 mm. The
other four methods cluster around 0.70 PCP because
they do not benefit from Kalman smoothing across
the shifted frames.

Limb-drop and outliers. Limb-drop is the clean-
est contribution attribution: baseline holds at 0.759
PCP because unaffected joints carry it, but the full
pipeline reaches 0.979 PCP and 5.2 mm MPJPE. For
any limb-drop case we can read the per-camera IRLS
weights and confirm the dropped camera was zeroed,
which is exactly the kind of explainability we wanted
from the start. Outlier perturbations are hardest be-
cause they corrupt detections without raising any
flag. The full pipeline still cuts outlier 20% MPJPE
from 104.6 mm to 44.8 mm.

P-MPJPE. Procrustes-aligned MPJPE on Campus
(full pipeline, occlusion 20%) is 16.8 &= 1.0 mm vs.

Occlusion 10% | Occlusion 20 %
Method PCP MPIJPE | PCP MPJPE
Baseline 0.000 — 0.000 —
IRLS-Huber | 0.000 — 0.000 —
IRLS-Tukey | 0.000 — 0.000 —
IRLS + Unc. | 0.328 59.8 +3.3 |0.310 63.6+2.1
Full (ours) |0.327 68.8+0.7 | 0.324 66.4+1.9

Table 3: Shelf under occlusion. Only methods with
uncertainty-aware affinity initialise tracked identities.
The three baselines fail to initialise at all.

baseline 48.54+0.2 mm. The shape advantage is real,
not driven by re-centring.

Tracking integrity. Figure 3 shows MOTA across
all perturbations. The full pipeline stays above 0.87
on every Campus column, while the baseline drops
below zero under occlusion. The baseline simply
does not track.
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Figure 3: MOTA across methods x perturbations
(Campus top, Shelf bottom; mean =+ std, 3 seeds). Cam-
pus baseline drops below zero under occlusion (i.e., more
tracking errors than ground-truth detections, so the tracker
is worse than not running it), while the full pipeline stays
above 0.87. On Shelf the absolute MOTA values are sim-
ilar across methods that initialise (= 0.40). The real sepa-
ration is in whether a method initialises at all.

5.2 Shelf

Shelf is the harder benchmark: 5 cameras, 4 people,
indoor heavy occlusion, 14-keypoint format. The
Varun-Tandon14 baseline crashed on Shelf before
we fixed the cross-view affinity indexing, which as-
sumed equal per-camera detection counts. On clean
Shelf, MPJPE is ~ 60 mm across all methods. The
bottleneck is cluster-identity matching, not triangu-
lation. On clean P-MPJPE the full pipeline reaches
7.13 mm, confirming that pose shape is nearly cor-
rect and the residual error is global-position drift
from the matching step.

The most striking Shelf result is in Table 3.
Under occlusion at both 10% and 20%, three of
the five methods (baseline, IRLS-Huber, IRLS-
Tukey) find O tracked identities and therefore score
0 PCP. They cannot even initialise. ~Only the
two configurations with uncertainty-aware affinity
(IRLS + UNCERTAINTY and FULL) get a tracker off
the ground. We did not expect this gap when propos-
ing the affinity work, but in crowded multi-person
scenes it appears the term is required rather than op-
tional.

5.3 What we honestly do not claim

¢ Shelf clean MPJPE is ~ 60mm across all
methods, including ours. We do not match
learned-feature SOTA on Shelf, and would not

without learned re-identification.

¢ On Campus outlier perturbations, IRLS-Tukey
alone is competitive with the full pipeline
at small percentages. Kalman’s constant-
velocity prior over-smooths i.i.d. noise.

* Two people crossing within ~ 50cm can
still cause occasional ID switches in the full
pipeline.

e The single-camera demo’s 2D keypoint ex-
tractor (MediaPipe) is a neural network. The
evaluated multi-view pipeline is not.

5.4 Runtime

Wall-clock runtime on a single-thread CPU pass over
Campus (363 frames x 3 cameras): baseline ~17s,
IRLS configurations ~ 28 s, full pipeline ~45s. The
IRLS overhead is dominated by 3—-6 weighted SVDs
per joint per frame. Kalman is negligible.

6 Discussion

Each upgrade has a regime. IRLS owns occlu-
sion and limb-drop, where one or two cameras carry
information that pulls the solve. Uncertainty-aware
affinity owns crowded scenes where the matching
step is ambiguous (on Campus this barely registers
in PCP but is categorical on Shelf). Kalman owns
time, recovering from single-frame perturbations and
bridging desynchronised inputs. Used in isolation
each is a partial fix. Stacked, they cover the four
named failure modes simultaneously.

The biggest single win was a bug fix, not an al-
gorithm. The time-delay perturbation reported 0%
for every method until we fixed three compound-
ing bugs in the original code. The fix took the full
pipeline from 0% to 98.5% PCP without changing a
single line of math. It only surfaced because we read
and re-ran the original implementation end-to-end.

Explainability is preserved end-to-end. For any
predicted 3D joint we can read off the per-camera
IRLS weight, the matched 2D detection scores, the
IRLS residual that scales the Kalman update, and the
resulting smoothed estimate. This was the original



motivation for the no-neural-network constraint and
we kept it intact through every stage.

7 Work Division

Sean led the source-tree refactor, built the evalua-
tion harness and perturbation framework, and han-
dled the keypoint mapping. Jonah implemented
the uncertainty-aware affinity, ran the identity-switch
comparisons, and identified the Shelf indexing bug.
Jigar replaced linear triangulation with IRLS (Hu-
ber and Tukey) and the confidence prior, the single
highest-impact change on Campus. Bhavya imple-
mented the per-joint Kalman filter and ran the multi-
seed ablation. Harsha built the skeleton renderer, the
joint-angle exercise-feedback layer, and the single-
camera Gradio demo, and wrote the related work
section. The three time-delay bug fixes were jointly
debugged. Commit attribution is in the project repos-
itory.

8 Conclusion

We took a baseline cross-view tracker, identified the
three modules that fail under realistic input degra-
dation, and replaced each with a classical statisti-
cal method that is fully explainable per joint and
per camera. On Campus the changes are invis-
ible on clean data and dominant under perturba-
tion: occlusion 20% PCP rises from 0.241 to 0.781,
MPJPE drops 11x (219.2 — 19.7 mm), MOTA flips
from —0.76 to +0.87, and a previously broken time-
delay perturbation rises from 0% to 98.5% after
three bug fixes. On Shelf the result is sharper still:
only methods with uncertainty-aware affinity can ini-
tialise tracked identities under occlusion at all. The
same upstream improvements feed a single-camera
exercise-feedback demo. Every component is au-
ditable, and every result is reproducible from the CLI
in the project repository.'
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