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Abstract001

Language grounded embodied agents require002
accurate and continuous human state localiza-003
tion in indoor environments, but camera based004
tracking is often unacceptable in privacy sen-005
sitive applications. Existing device free ap-006
proaches under unmodulated light lack a struc-007
tured motion representation that can support008
sparse sensing and multi view sequence learn-009
ing. To address this gap, we present Shad-010
owFlow, a non imaging framework that infers011
continuous 2D trajectories from ambient illu-012
mination using sparse photodiode (PD) arrays013
without active modulation or visual capture.014
ShadowFlow lifts sparse PD readings into a dif-015
ferentiable grayscale shadow field on a virtual016
wall and derives a compact shadow flow tensor017
using lightweight optical flow operators. Since018
shadow deformation is view dependent and019
spatially heterogeneous, ShadowFlow encodes020
each view with attention parallel encoders and021
performs recurrent fusion to aggregate com-022
plementary spatial cues for trajectory regres-023
sion. On 927 minutes of real world recordings024
from seven participants in two indoor layouts,025
ShadowFlow achieves centimeter level accu-026
racy with a 2.35 cm mean localization error and027
supports real time inference on embedded hard-028
ware. The results indicate that ambient shadow029
flow provides a practical non visual motion030
modality that supports cross modal grounding031
for embodied language interaction and robotic032
perception.033

1 Introduction034

Large language models and language conditioned035

embodied agents are broadening the capabili-036

ties of interactive AI systems, spanning assistive037

robotics and intelligent physical spaces (Zhang038

et al., 2025a). Modern embodied agents depend on039

high quality perceptual inputs to ground decisions040

into actions, often relying on dense visual or propri-041

oceptive streams, including egocentric video and042

motion sensors, to reason about the surrounding043

world (Wang et al., 2025; Zhang et al., 2025b). De- 044

spite their effectiveness, camera based human track- 045

ing is frequently restricted in real deployments, es- 046

pecially in private or human sensitive environments 047

such as homes, workplaces, and elder care facil- 048

ities, due to privacy regulations, user discomfort, 049

calibration complexity, and sustained on device 050

computation costs (Qiao et al., 2025; Cao et al., 051

2025). This motivates research on non visual sens- 052

ing modalities that can supply reliable spatial state 053

inputs without capturing identifiable visual content 054

(Wu et al., 2024; Xiao et al., 2024). 055

Ambient visible light offers an attractive phys- 056

ical signal for passive state sensing because illu- 057

mination is ubiquitous and already optimized for 058

human comfort. When a moving person blocks and 059

reroutes incident light rays, the resulting shadow 060

deformation alters local irradiance, which can be 061

measured by low cost photodiodes without form- 062

ing images (Alijani et al., 2025). Prior visible light 063

sensing studies demonstrate that shadows can sup- 064

port device free perception tasks, including posture 065

inference, activity recognition, and coarse position- 066

ing (Zhang et al., 2025c; Gao et al., 2025). Recent 067

neural architectures further exploit shadow features 068

for localization, yet they typically assume dense 069

sensing layouts or controlled emitters and reduce 070

spatial motion to low dimensional proxies such 071

as occupancy or region level labels, limiting their 072

ability to decode continuous trajectories under natu- 073

rally drifting illumination (Chen et al., 2025; Zhang 074

et al., 2024). Separately, ambient light positioning 075

systems that rely on commodity sensors focus on 076

device based localization and depend on strong pri- 077

ors about calibrated beacons or user worn hardware, 078

which shifts the problem away from purely environ- 079

ment grounded motion learning (Hegde et al., 2024; 080

Zhang et al., 2025d). A key open question remains: 081

whether sparse, non imaging photodiode arrays un- 082

der unmodulated ambient illumination can produce 083

a structured motion signal that supports continuous 084
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and real time trajectory regression.085

We argue that a structured motion representation086

is required to convert sparse shadow measurements087

into a learnable sequence for embodied state esti-088

mation. Optical flow in vision systems exemplifies089

this principle by transforming temporal brightness090

gradients into spatially coherent motion tensors.091

ShadowFlow adapts this intuition to the non vi-092

sual regime by reconstructing a differentiable, grid093

aligned grayscale shadow field on a virtual wall094

from sparse photodiode readings and computing a095

compact shadow flow tensor that captures geometry096

conditioned brightness gradients. This intermediate097

representation enables motion to be expressed in098

relative brightness changes rather than absolute in-099

tensity, which simplifies global drift compensation,100

preserves spatial gradients for sequence learning,101

and supports interpretability through direct inspec-102

tion of the reconstructed shadow structure.103

On top of this representation, we propose Shad-104

owFlow, a multi view spatiotemporal fusion frame-105

work that encodes each view with attention par-106

allel encoders to preserve complementary spatial107

gradients, performs recurrent fusion to aggregate108

viewpoint specific shadow cues, and decodes con-109

tinuous 2D trajectories using a temporal regression110

head. We validate ShadowFlow on a real world pro-111

totype deployed with multiple photodiode arrays112

in two indoor layouts under naturally varying, un-113

modulated illumination. Our long duration dataset114

includes 927 minutes of recordings from seven par-115

ticipants, and the evaluation demonstrates centime-116

ter level localization accuracy with a 2.35 cm mean117

error while sustaining real time embedded infer-118

ence. These results confirm that ambient shadow119

motion is a feasible non visual state modality for120

multimodal grounding in embodied AI and can121

serve as a reliable spatial state input for human122

centric interactive systems.123

The contributions of this work are summarized124

as follows:125

• We formalize ambient shadow motion as a non126

imaging optical flow representation by lifting127

sparse photodiode readings into a differen-128

tiable grayscale shadow field and its derived129

motion tensor for continuous localization.130

• We introduce ShadowFlow, a multi view atten-131

tion parallel recurrent architecture that fuses132

shadow flow features across photodiode arrays133

without cameras, tags, or active light modula-134

tion.135
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Figure 1: Penumbra and umbra in natural light.

• We build and evaluate a real world prototype 136

and long duration dataset, demonstrating cen- 137

timeter level accuracy with real time embed- 138

ded trajectory decoding, which provides evi- 139

dence for passive, privacy preserving embod- 140

ied state sensing through ambient light shad- 141

ows. 142

2 Theory of Light and Shadow Dynamics 143

ShadowFlow builds on basic principles of indoor 144

illumination and shadow formation. This section 145

summarizes how ambient light, human bodies, and 146

walls interact to produce umbra and penumbra pat- 147

terns, and how these patterns can be interpreted as 148

a low resolution optical flow field observable by 149

PD arrays. The qualitative behavior is illustrated 150

in Fig. 1, which shows the inner umbra and outer 151

penumbra regions under both natural and artificial 152

light sources. 153

2.1 Indoor Illumination and Reflection 154

In our scenarios, indoor illumination comes from a 155

combination of daylight through windows and ceil- 156

ing lamps. We model each source as an extended 157

emitter that generates a bundle of rays. When a 158

ray with direction vector i hits a surface with unit 159

normal n, the specular reflection direction can be 160

described by the standard reflection law 161

r = i− 2(i · n)n, (1) 162

where r is the reflected direction. 163

Indoor walls are predominantly Lambertian, scat- 164

tering incident light across broad directions rather 165

than generating a single specular reflection. When 166

an object occludes part of the incoming light bun- 167

dle, it casts a shadow on surrounding surfaces, 168

and the intensity measured by a photodiode cor- 169

responds to the irradiance integrated over its field 170

of view(FOV). As the subject moves, the shape 171

of the occluded region varies, which subsequently 172

modulates the irradiance received by each PD. 173
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Figure 2: ShadowFlow pipeline. For each view, Input Processing extracts windows of length s and sa (optionally
using reference channel rc). A 1×1 Conv branch and an attention branch are gated and pooled to produce embeddings
(si, vi), concatenated as xi. Multi-view Data Fusion aggregates {xi} into x′i, decoded by stacked LSTM units and a
fully connected head to output the 2D position estimate.

2.2 Umbra, Penumbra, and Shadow Induced174

Intensity175

The shadow cast by a human body can be decom-176

posed into an umbra and a penumbra region. The177

umbra is the region where the light source is fully178

occluded, leading to a significant drop in irradi-179

ance. The penumbra corresponds to partial oc-180

clusion, where only part of the source is blocked181

and the intensity is reduced but non-zero. Fig. 1182

highlight these regions under natural light and spot183

illumination, with a dark inner core (umbra) and a184

softer halo (penumbra).185

Let I(x, y, t) denote the brightness of a point186

on the wall at spatial coordinates (x, y) and time t.187

Conceptually, we write:188

I(x, y, t) = I0(x, y, t)
(
1− ρ(x, y, t)

)
, (2)189

where I0(x, y, t) is the background illumination190

in the absence of a subject, and ρ(x, y, t) ∈ [0, 1]191

is an occlusion factor that increases from 0 (no192

shadow) to 1 (full umbra). When a person moves193

through the scene, the boundaries between different194

values of ρ sweep across the wall and create smooth195

spatiotemporal variations in I(x, y, t).196

Each PD i positioned at (xi, yi) measures the197

irradiance integrated over its FOV, which we ap-198

proximate by sampling the brightness field at its199

center:200

si(t) ≈ I(xi, yi, t). (3)201

These samples are the basic inputs of ShadowFlow.202

2.3 From Shadow Dynamics to Shadow Flow 203

To relate intensity changes to motion, we adopt the 204

classical brightness constancy assumption along 205

the motion of iso irradiance curves: 206

Ix u+ Iy v + It ≈ 0, (4) 207

where Ix, Iy, and It are the spatial and tem- 208

poral derivatives of brightness, and (u, v) is the 209

optical flow vector describing the apparent motion 210

of shadow patterns. 211

In our setting, we do not observe dense images 212

but only the discrete PD samples {si(t)}. To ob- 213

tain a continuous brightness field from discrete PD 214

samples, we apply standard bilinear interpolation: 215

I(x, y, t) = w(x, y)⊤


I11(t)
I21(t)
I12(t)
I22(t)

 , (5) 216

where w(x, y) contains the four bilinear inter- 217

polation weights defined by the normalized offsets 218

(∆x,∆y). 219

We reconstruct a low resolution virtual wall 220

shadow map I(x, y, t), where each cell represents 221

shadow induced brightness. The temporal dynam- 222

ics of umbra and penumbra edges form the shadow 223

flow signal that supports the multi view neural de- 224

sign in Section 3. 225

3 Method 226

ShadowFlow aims to recover fine grained human 227

motion from sparse ambient light variations cap- 228

3



tured by multiple PD arrays. Building on the229

shadow formation model in Section 2, we treat230

shadow induced irradiance changes as a low res-231

olution optical flow like field that evolves across232

walls and PD panels. As summarized in Fig. 2,233

ShadowFlow performs (i) input processing on raw234

PD time series, (ii) shadow image reconstruction235

and shadow flow estimation, (iii) attention parallel236

view encoding that produces per view embeddings237

(si, vi), (iv) multi view data fusion to obtain x′i,238

and (v) time series feature extraction using stacked239

LSTM units followed by a fully connected head to240

infer the 2D trajectory.241

Let pt = (xt, yt) denote the ground truth 2D242

position at time t. Suppose we have M views (e.g.,243

wall panels). For each view m ∈ {1, . . . ,M},244

let x(m)
t ∈ RKm be the raw intensity vector from245

Km PD elements at time t. ShadowFlow learns a246

mapping247

fθ : {x
(m)
t−L+1:t}

M
m=1 7→ p̂t, (6)248

where L is the temporal window length and θ de-249

notes all learnable parameters. In the pipeline fig-250

ure, the index i corresponds to the current predic-251

tion time step (i.e., i↔ t).252

3.1 Input Processing: Baseline Removal,253

Normalization, and Cross Scale Slicing254

ShadowFlow operates on non-imaging PD time255

series that may exhibit slow drift due to daylight256

changes and lamp fluctuations. For each view m,257

we first remove global illumination trends using a258

baseline estimate:259

y
(m)
t = x

(m)
t − b

(m)
t , (7)260

where b
(m)
t is obtained via a sliding temporal me-261

dian. When available, we additionally use a ref-262

erence channel rc(t) (a PD minimally affected by263

human shadows) to stabilize the baseline under264

strong illumination changes, consistent with the rc265

input in Fig. 2.266

We then standardize each channel to reduce inter267

sensor bias:268

ỹ
(m)
t =

y
(m)
t − µ(m)

σ(m) + ϵ
, (8)269

where µ(m) and σ(m) are computed over the train-270

ing set and ϵ is a small constant.271

Finally, for every prediction time t, we extract272

two overlapping temporal windows:273

• an original scale window of length s for view 274

encoding, 275

• a cross scale window of length sa > s for 276

attention conditioning. 277

This cross scale slicing provides both local motion 278

details and longer temporal context while preserv- 279

ing efficiency. 280

3.2 Shadow Image Reconstruction & Shadow 281

Flow Estimation 282

PD arrays are non imaging sensors and do not di- 283

rectly expose spatial gradients. To enable optical 284

flow reasoning, we reconstruct a low resolution 285

shadow image on a regular grid for each view and 286

then estimate a coarse shadow flow field. 287

Shadow image reconstruction. Let (xi, yi) de- 288

note the wall coordinates of PD i on view m. For 289

any grid location (x, y) between four neighboring 290

PDs, we approximate the intensity by applying the 291

bilinear interpolation defined in Eq. (5): 292

I(m)(x, y, t) ← bilinear
(
{x(m)

t,i }
)
, (9) 293

which yields a grid form shadow image I(m)
t (u, v). 294

We apply a light smoothing filter (e.g., a small 295

Gaussian kernel) to suppress sensor noise and 296

flicker while preserving shadow boundaries: 297

Ĩ
(m)
t (u, v) = S

(
I
(m)
t (u, v)

)
. (10) 298

Shadow flow estimation. We estimate a coarse 299

shadow flow field F
(m)
t (u, v) = (u(m), v(m)) 300

by enforcing the brightness constancy constraint 301

in Eq. (4) on the reconstructed shadow image 302

Ĩ
(m)
t (u, v) using finite difference gradient opera- 303

tors. This produces a low resolution flow that re- 304

tains the dominant direction and relative magnitude 305

of shadow motion without solving for dense pixel 306

level correspondences. 307

Flow conditioning cue. Following Fig. 2, the 308

optical flow module provides a compact flow cue 309

for the attention branch. Concretely, we compute a 310

lightweight descriptor 311

g
(m)
t = g

(
F
(m)
t

)
, (11) 312

e.g., via spatial pooling of flow magnitude and di- 313

rection statistics, which is concatenated with cross 314

scale temporal features to condition attention. 315

4



3.3 Attention Parallel View Encoding316

For each view m, ShadowFlow encodes the recon-317

structed shadow image Ĩ(m)
t using the attention318

parallel to CNN block in Fig. 2, which contains319

a 1 × 1 Conv projection and a flow conditioned320

attention branch. The two branches are merged by321

element wise gating and pooling:322

a
(m)
t = ϕ1×1(Ĩ

(m)
t ), (12)323

α
(m)
t = ϕatt

(
ỹ
(m)
t−sa+1:t ⊕ g(F

(m)
t )⊕ rc(t)

)
,

(13)
324

u
(m)
t = Pool

(
α

(m)
t ⊙ a

(m)
t

)
, (14)325

where ϕ1×1 is a single 1 × 1 convolution,326

g(F
(m)
t ) is the pooled shadow flow cue, rc(t) is327

the optional reference PD channel, ⊙ is element328

wise gating, and Pool(·) denotes spatial pooling.329

The pooled feature u
(m)
t is linearly projected into330

appearance and motion embeddings (s
(m)
i , v

(m)
i )331

and concatenated to form the per view representa-332

tion:333

x
(m)
i =

[
ψs(u

(m)
t ); ψv(u

(m)
t )

]
, (15)334

which corresponds to the xi node in Fig. 2. All335

views {x(m)
i } are then passed to the Data Fusion336

block to generate x′i for trajectory decoding.337

3.4 Temporal Fusion and Trajectory338

Regression339

ShadowFlow fuses all per view embeddings x(m)
i340

(i↔ t) via the Data Fusion block in Fig. 2 to obtain341

a unified representation for temporal decoding. The342

fusion is a lightweight spatial aggregation:343

x′t = ϕfuse

(
[x

(1)
t ; . . . ;x

(M)
t ]

)
, (16)344

where ϕfuse(·) denotes a shallow stack of 1 ×345

1 convolutions followed by pooling. The fused346

feature x′t is fed to a multi layer stacked LSTM to347

model shadow motion temporal evolution:348

ht = LSTM(x′t,ht−1), (17)349

where the final layer hidden state ht encodes the350

subject’s trajectory history. A fully connected (FC)351

regression head estimates the 2D position:352

p̂t =Wfcht + bfc, (18)353
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Figure 3: Experimental room structure and light source.

and parameters θ = {Wfc,bfc, ϕcnn, ϕatt, ϕfuse} 354

are optimized by minimizing the mean squared 355

trajectory error: 356

L =
1

T

T∑
t=1

∥p̂tp
gt
t ∥22. (19) 357

Due to the low dimensional PD input and mini- 358

mal encoder decoder depth, ShadowFlow sustains 359

sub millisecond inference latency, satisfying real 360

time requirements for multimedia sensing and em- 361

bodied interaction. 362

4 Experiments 363

This section evaluates the performance of Shad- 364

owFlow in terms of localization accuracy, robust- 365

ness, generalization across environments, and com- 366

putational efficiency. We first describe the dataset 367

and experimental setup, followed by quantitative 368

comparisons, ablation studies, and analysis of multi 369

view fusion and temporal modeling. All experi- 370

ments were conducted using the same hardware 371

and evaluation protocol to ensure reproducibility. 372

4.1 Experimental Setup and Dataset 373

Acquisition 374

ShadowFlow is assessed in two indoor environ- 375

ments (Fig. 3): Scene_A (Office, 380×550 cm) and 376

Scene_B (Meeting Room, 380×750 cm). Three 377

PD panels are installed on two walls orthogonal to 378

the window plane at 1 m height, spaced at 30 cm 379

intervals. A ceiling mounted PD provides the ref- 380

erence channel rc(t) to correct global illumina- 381

tion drift prior to shadow flow encoding. Each 382

wall PD integrates irradiance within a 30◦ FOV 383

over a 25 cm2 active area, yielding sparse irra- 384

diance samples x(m)
t,i . We collect 927 minutes 385

of PD signals and motion capture 2D trajecto- 386

ries from 7 participants, partitioned into 70/15/15 387
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for training/validation/testing. Preprocessed win-388

dows (s, sa, rc) are transformed into per view em-389

beddings (si, vi, xi), fused as x′i, and decoded by390

stacked LSTMs for 2D trajectory regression.391

4.2 Baseline Methods and Evaluation Metrics392

To contextualize performance, we compare Shad-393

owFlow against cross modal and architectural base-394

lines. Cross modal baselines include RF CSI track-395

ing, thermal fusion sensing, and unmodulated visi-396

ble light PD regression. Architectural baselines397

comprise an LSTM trajectory decoder, a recur-398

rent model without view fusion, and an LSTM399

decoder paired with attention guided multi view fu-400

sion. Evaluation metrics cover MAE (cm), RMSE401

of trajectory deviation, DTW distance for temporal402

alignment, per frame inference latency, and mem-403

ory footprint. We adopt sliding window preprocess-404

ing and report MAE as the main metric.405

4.3 PD Reading Sensitivity to Target Location406

We first verify a core assumption of ShadowFlow:407

sparse PD readings preserve spatial coherence un-408

der unmodulated illumination. We sample target409

locations on a 2D floor grid and record compen-410

sated responses from wall mounted PDs, applying411

ambient intensity normalization to suppress slow412

global brightness drift. Fig. 4 shows the resulting413

PD signal manifold over the floor plane. The sur-414

face is smooth with large scale gradients, indicating415

that PD responses are position conditioned rather416

than spatially flat or noisy. It also exhibits a domi-417

nant high response region and oblique attenuation,418

consistent with pose dependent occlusion of the419

incident light bundle.420

4.4 Spatial Error Distribution421

We next analyze spatial variation in localization422

accuracy. For each time step t, we compute the423

Euclidean error and aggregate errors by ground424

truth location. Fig. 5 visualizes the resulting spatial425

error field, which spans approximately 2.0 -3.5 cm426

in the example shown. The error surface exhibits 427

structured heteroscedasticity rather than random 428

scatter. Regions with stronger shadow observabil- 429

ity yield lower error, while low contrast regions 430

incur higher but bounded error, indicating graceful 431

degradation. These spatially localized hard regions 432

motivate ShadowFlow’s attention weighted multi 433

view fusion, which mitigates single view degener- 434

acy and reduces view dependent ambiguity. 435

4.5 Participant Consistency 436

Fig. 6 illustrates that the normalized sparse PD 437

signals produce consistent localization accuracy 438

across participants. The median errors concentrate 439

within a compact cm scale interval (approximately 440

1.6 to 2.8 cm) with small interquartile ranges, indi- 441

cating that the learned shadow representation sup- 442

presses subject dependent variance before fusion. 443

Participants with shorter whiskers exhibit reduced 444

extreme outliers, suggesting that once shadow gra- 445

dients are sufficiently discriminative, the model 446

converges to a stable trajectory decoding regime 447

without memorizing individual appearance. This 448

supports that ShadowFlow learns view consistent, 449

geometry aware shadow dynamics rather than over- 450

fitting to subject specific optical signatures. 451

4.6 Overall Accuracy vs Baselines 452

Fig. 7 compares the cumulative distribution of lo- 453

calization error between ShadowFlow and represen- 454

tative baselines. KNN with temporal interpolation, 455

CNN only, LSTM only, and a convolutional recur- 456

rent fusion baseline accumulate probability mass 457

more slowly, particularly in the low error region. 458

ShadowFlow reaches about 0.7 CDF at 2 cm and 459

0.9 at 3 cm, showing faster error concentration and 460

fewer high error outliers. The improvement persists 461

in the tail, indicating that multi view shadow fusion 462

reduces the frequency of large error deviations by 463

preserving complementary spatial gradients that are 464

lost in single view or framewise sequence models. 465

These results validate that shadow flow as a non 466

visual motion modality, combined with attention 467

guided multi view temporal fusion, yields robust 468

continuous localization for embodied multimodal 469

systems. 470

4.7 Ablation Studies 471

Table 1 reports ablations that isolate the roles of 472

shadow flow cues and multi view feature encoding. 473

When the shadow flow branch is removed, errors 474

increase across both scenes and across all statistics, 475
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Table 1: Localization position errors across scenes (cm).

Error (cm)

Method Scene Mean Med. 90th

Proposed and ablations
CNN+ATT+LSTM
(w/ optical flow)

A 2.35 2.33 2.60
B 2.49 2.47 3.01

CNN+ATT+LSTM
(w/o optical flow)

A 3.34 3.31 3.63
B 3.87 3.82 4.24

ATT+LSTM
(w/ optical flow)

A 3.00 2.97 3.17
B 3.26 3.21 4.05

Baselines

CNN+LSTM A 7.92 7.85 8.13
B 8.80 8.73 9.75

LRCN
(CNN+RNN fusion)

A 4.56 4.48 5.02
B 4.92 4.89 5.47

KNN
(fingerprint)

A 6.31 6.22 6.98
B 6.74 6.69 7.45

KNN +
temporal smoothing

A 5.18 5.12 5.86
B 5.43 5.39 6.11

which shows that the reconstructed shadow flow476

signal carries motion information that is difficult477

to recover from raw intensity sequences alone. In478

Scene A, the mean and 90th percentile errors rise479

from 2.35 cm and 2.60 cm to 3.34 cm and 3.63 cm,480

respectively. In Scene B, the corresponding values481

increase from 2.49 cm and 3.01 cm to 3.87 cm482

and 4.24 cm. The consistent degradation in the483

90th percentile suggests that shadow flow features484

are particularly helpful for difficult cases where485

shadows are weak or view dependent.486

We also ablate the view encoding stack by re-487

moving the CNN based encoder while retaining the488

shadow flow input. This variant (ATT+LSTM with489

optical flow) yields higher mean errors of 3.00 cm490

in Scene A and 3.26 cm in Scene B, compared with491

2.35 cm and 2.49 cm for the full model. The ef-492

fect is more pronounced in the tail, especially in493

Scene B where the 90th percentile increases from494

3.01 cm to 4.05 cm. Taken together, these ablations495

support the design choice of treating ambient shad-496

ows as a non visual modality and learning multi497

Table 2: Position errors under different light conditions.

Condition Mean Median 90th Perc.

Weather Conditions

Sunny 2.25 2.33 2.60
Cloudy 2.71 2.69 2.84
Rainy 4.18 3.96 4.07

Time of Day

Morning 3.01 2.93 3.12
Noon 2.16 2.19 2.25
Dusk 5.16 5.93 5.21

view fusion on top of a motion oriented intermedi- 498

ate representation. 499

4.8 Robustness to Illumination Conditions 500

Table 2 reports localization errors under diverse am- 501

bient light conditions. Performance is strongest un- 502

der stable, high contrast illumination, with 2.25 cm 503

error in sunny weather and 2.16 cm mean, 2.25 cm 504

90th percentile at noon, where shadow gradients 505

are sharp and temporally consistent. Errors in- 506

crease under low contrast or drifting light, reaching 507

4.18 cm in rainy conditions and 5.16 cm at dusk due 508

to blurred shadow boundaries and amplified low 509

frequency intensity drift. Importantly, the degrada- 510

tion is progressive rather than abrupt, showing that 511

the model maintains temporal coherence by encod- 512

ing motion in relative brightness changes instead 513

of absolute intensity. 514

5 Conclusion 515

In this paper, we introduced ShadowFlow, a de- 516

vice free localization framework that reconstructs 517

a differentiable shadow field from sparse photo- 518

diode measurements and captures motion geome- 519

try through a lightweight shadow flow representa- 520

tion. By fusing multi view sequences with attention 521

based encoders and a recurrent trajectory regressor, 522

ShadowFlow provides a practical nonvisual state 523

modality for multimodal grounding in embodied 524

language interaction and robotic perception while 525

preserving privacy. 526

6 Limitations 527

ShadowFlow currently assumes that shadows main- 528

tain minimal geometric continuity across views. 529

Extreme illumination instability, fast target mo- 530

tions beyond photodiode sampling rates, or highly 531

7



reflective dynamic surfaces may weaken shadow532

gradients and reduce trajectory fidelity. The current533

prototype evaluates human walking trajectories in534

two indoor layouts; broader environments and addi-535

tional viewpoints require further validation. Future536

work will investigate adaptive fusion under more537

complex light paths and faster motion dynamics.538
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