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Fig.1. WiFlow. Can optical flow be estimated solely from WiFi information?
Overview of our framework to estimate optical flow from channel state information
extracted from WiFi signals. Pseudo ground truth to train WiFlow is computed from
video frames at two corresponding timestamps.

Abstract. Knowing where and how fast objects are moving within a
scene is important across various domains. Usually, cameras are used to
capture the data necessary for this task, but adding cameras often raises
privacy concerns, and the quality of captured frames is heavily influenced
by lighting conditions. In this work, we explore using WiFi channel state
information (CSI) instead of camera frames for optical flow estimation.
We propose WiFlow, a CSI based flow estimator, a preprocessor evalua-
tion for CSI, and three model architectures that offer different trade-offs
between accuracy and complexity. Further, we create the first dataset
for training and evaluating CSI-based optical flow estimators, and our
experiments provide insights into key design elements for this task. Code
and data are available at https://visinf.github.io/wiflow.
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1 Introduction

Motion is a fundamental cue for understanding dynamic scenes. In computer vi-
sion, a standard way to capture temporal change is optical flow, which estimates
the apparent motion between two consecutive frames. Optical flow supports a
wide range of downstream tasks, such as action recognition [93], object track-
ing [88], robotic navigation and control [11}28/54], inpainting [19,38183,92], video
frame interpolation [15}/52,(531/66,90|, and unsupervised segmentation [13}/241/62].
In practice, optical flow is almost always computed from camera images, which
makes deployments in certain settings difficult. Cameras record detailed visual
scenes, expose people’s privacy and fail in the dark without additional hardware,
as we illustrate in the supplemental Sec. [F]

WiFi sensing offers a different way to observe motion, especially indoors.
WiFi devices continuously estimate channel state information (CSI), which cap-
tures how signals change as they propagate from transmitter to receiver. Indoors,
this propagation is determined by the influence of static objects, like walls and
furniture, but also moving subjects, like people. When something moves, the
propagation changes, and this is reflected in the CSI measurements. This relation
makes CSI a natural input for device-free sensing tasks, requiring no additional
hardware beyond what is already used for wireless communication.

In this work, we ask: Can optical flow be estimated solely from WiFi infor-
mation? Prior CSI-based sensing work shows that WiFi signals carry elaborate
motion information, enabling localization [79/89|, gesture and action recogni-
tion [23,/78,191], and human pose estimation [14},30}71,|86]. These CSI-based
methods directly produce a task-specific output, such as a class, a location, or
a pose. Here, we push further and instead try to recover optical flow from CSI
directly, capturing the motion pattern itself rather than a single task output.

Estimating flow from WiFi is especially attractive when cameras are unde-
sirable or unreliable. WiFi sensing works in the dark and can build on existing
wireless infrastructure, while avoiding the collection of camera frames. If dense
flow from CSI is feasible, it can serve as a general motion input for privacy-
sensitive indoor applications such as home security, fall detection, gesture con-
trol, or crowd monitoring.

In this work, we demonstrate the feasibility of extracting general motion
information from CSI measurements in a fixed indoor setting. Our main contri-
butions are (i) experimental evidence that optical flow can be recovered from
CSI with generalization across unseen subjects, (ii) three distinct architectures
for CSI-based optical flow estimation, offering varying trade-offs between accu-
racy and computational complexity, and (ii7) a novel dataset providing optical
flow supervision (pseudo ground truth) alongside synchronized CSI for training
and evaluation.

2 Related Work

Optical Flow is an estimate of the apparent pixel-wise motion between con-
secutive image frames. Methods for computing it range from classical formula-
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tions [6}/29,47] to deep learning approaches, which are typically built on either
convolutional or transformer-based architectures.

On the convolutional side, FlowNet [17] introduced learned optical flow es-
timation, and later work such as PWC-Net [67,68|, FlowNet2 [33], and related
methods [32}/59] refined the same core pipeline. Many of these models reduce the
cost of dense matching with coarse-to-fine estimation and restricted per-pixel
search ranges, which can limit the magnitude of motion they capture. RAFT [69]
avoided this fixed-range design by using global correlation with iterative refine-
ment, and subsequent RAFT-style methods [34},/41,[76.|77,/82] improved robust-
ness in challenging cases such as occlusions [34]. Transformer-based alternatives
are also emerging [161/65], though recent comparisons still report convolutional
methods as strong in both accuracy and computational cost [41,[51L77]. All of
these methods infer motion from video by tracking correspondence across frames.
Our goal is to bypass cameras altogether and extract comparable flow estimates
from WiFi channel state information alone.

WiFi Sensing. Several works reconstruct camera-like observations from chan-
nel state information (CSI), including RGB frames [37/3940] and dense geometry
via depth images [3]. While some pipelines also produce person-shaped masks
or saliency maps [39}40] that can look motion-like, their objective is still frame
or depth synthesis rather than learning pixel correspondences across time. In
parallel, CSI-to-human methods estimate human-centric outputs such as person
masks/segmentation [71], 3D pose or skeleton tracking [14,22,30435./60,61,85.87],
and full 3D mesh construction [75]. Finally, completion approaches fuse WiFi CSI
with vision for RGB recovery (inpainting or occlusion removal) and require an
image input for inference [9}/10].

Separately, CSI has also been used to infer motion in physical space. Repre-
sentative systems track device-free motion trajectories [36}/56,[57,/78|, estimate
specific attributes such as walking direction |79] or speed and acceleration [8,89],
and perform device-free localization [72|. These outputs are expressed in met-
ric coordinates and are not designed to produce a dense image-plane motion
representation.

Overall, prior work either reconstructs spatial content (RGB/depth/meshes)
or predicts motion in metric space (e.g., trajectories). In contrast, we learn CSI-
to-optical-flow to predict dense image-plane motion over the sensed area: video
is only used to generate pseudo-flow supervision during training, at inference,
we output optical flow from CSI alone.

Preprocessing. Raw CSI is hard to learn from. As a channel estimate, it con-
tains both environmental effects and measurement /hardware artifacts that are
unrelated to the scene. This is why WiFi sensing pipelines usually apply pre-
processing to reduce these artifacts and make the representation easier to learn
from, even when the downstream model is a neural network. In the simplest case,
this is ignored, and CSI amplitudes and phases are being used without any pro-
cessing [74,87]. Some works apply time—frequency transforms to expose motion-
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related spectral structure. Fourier transformations (e.g., STFT-style processing)
have been used to extract micro-Doppler signatures imprinted on CSI evolution
in time [55[58,(73]. Alternatively, wavelet transforms have been used both to
derive multi-scale (scale—frequency) features for learning [81,[84] and to denoise
CSI in the wavelet domain before subsequent processing [43}94]. Further, Prin-
cipal Component Analysis (PCA) is often used to either reduce dimensionality
[2], or as a filtering step that suppresses a dominant common component when
it mainly captures nuisance variation [73|. Some phase offsets are common to all
antennas on a device, e.g., due to shared hardware. To mitigate these, multi-
antenna normalization is often used, either through antenna conjugation [44/58|
or quotients [78]. Finally, to combat noise, smoothing filters such as Savitzky—
Golay are frequently applied to reduce high-frequency noise while preserving
local structure [42,(78]/79].

3 WiFi Sensing

While WiFi packets are primarily designed to carry communication data, they
simultaneously carry a fingerprint of the environment. The transmitter encodes
data as a symbol x, which undergoes complex transformations as it propagates
through the physical environment. Consequently, the receiver does not observe x
directly, but rather a distorted version shaped by the surrounding environment.
Conceptually,

y=Hz+n, (1)

where y is what the receiver measures, n denotes noise, and H is the wireless
channel. The channel H represents how the current environment transforms the
transmitted information x as it travels from transmitter to receiver. When the
environment changes, propagation changes, and so does H. For communication,
H is a nuisance: the receiver needs the information in x, not the transformed
observation y. This is why every WiFi packet begins with a short, fixed, known
sequence. The receiver compares the expected and received symbols to estimate
H over a set of frequencies (subcarriers) to undo the distortion and decode
the data. These noisy, per-packet channel estimates are called channel state
information (CSI).

WiF1i sensing repurposes the need for channel estimation into a measurement
tool. Since channel estimates are computed anyway for every packet to make
communication possible, sensing methods simply leverage them as an observation
of the physical environment. Because CSI captures how the environment shapes
the signal, motion induces structured temporal changes in CSI that sensing meth-
ods learn to associate with properties of the underlying scene. Figure[2]illustrates
this effect, where CSI magnitudes over time show a different pattern when a per-
son walks through the room. While CSI has traditionally been kept inside the
receiver, recent research tools expose it on selected chipsets |4L211/25/63}[80], and
the upcoming IEEE 802.11bf standard [1] further standardizes access to channel
measurements for sensing.
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Table 1. Dataset comparison between existing datasets and our proposed dataset
based on key requirements for optical flow estimation. (v") denotes datasets that are
accessible and provide RGB frames, from which an optical flow Pseudogt can be
derived using our method (cf. supplement).

Dataset Optical Flow Device-free Multi-RxTx ‘ Accessible

MMFi [36] (v) X
XRF55 [70] X
SignFi 48] X
DICHASUS / ESPARGOS |[18] v
Person-in-WiFi |71] X
X
v’
v’

Person-in-WiFi3D [85]
WiMans [31] (

Ours

COCIx ALK
NES NN AN
CAx x CAx

4 WiFlow Dataset

We aim to learn a mapping from captured WiFi channel estimates, that is,
channel state information (CSI), to motion in the scene, represented as optical
flow. Training a deep neural network for this task requires paired data, with CSI
measurements aligned to optical-flow labels.

Our target scenario is a fixed indoor environment where transmitters and
receivers remain static and subjects carry no WiFi devices, that is, device-free
sensing. Reliable supervision further requires tight synchronization between CSI
and a modality that can provide flow labels, such as cameras. We rely on multiple
receive antennas because a single antenna provides an incomplete and ambiguous
view of motion. Similar channel changes can be caused by motion in different
parts of the room, and some motion directions may cause little to no change
at all. Multiple antennas offer complementary vantage points that help resolve
where motion occurred, consistent with prior work |781(79,91].

Existing datasets do not meet these requirements. Optical-flow datasets of-
fer RGB frames with flow annotations |[5}7,/17,[20,49/50] but contain no CSI.
Conversely, CSI datasets typically lack synchronized video and therefore can-
not provide optical-flow supervision. Even when video is available, existing CSI
datasets summarized in Tab. [I|do not capture the CSI we need for thorough eval-
uation, i.e., multi-device, multi-antenna measurements at high sample rate and
bandwidth, in a device-free indoor setup. We therefore collect a novel dataset
tailored to optical flow estimation from CSI.

Capture Setup. Following the practice of other WiF1i sensing works [14}(71}/85]
86|, we assume a device-free setup, where locations of WiFi devices (transmitter
and receivers), cameras, and walls remain fixed during capturing. Our experi-
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Fig. 2. Amplitude heatmaps for multi- Fig. 3. Floorplan of our capture setup
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CSI for three different scenarios: No mo-  movement-, and off-area. All captured ac-
tion (void), motion only outside the cap-  tions, except motion in off-area, are per-
tured area (off-area), and walking. formed within the movement-area.

mental setup consists of one transmitter (Tx), four receivers (Rx; to Rx4) placed
in the corners of the movement area, and two cameras, as shown in Fig.

To generate pseudo ground truth of optical flow, one camera captures the
movement area from the side (sideview), and the other from above (birdview).
We are only able to predict the motion of subjects visible in the cameras in the
movement-area. Since movement outside the visible area (called off-area) also
affects the wireless channel, we explicitly handle this case during data collection
as well. In total, we collect data of seven predefined actions with one or two
people moving, sequences without any motion (void), and with motion only in
the off-area. Each capture is 30s long and repeated multiple times for each of
the 10 subjects. A detailed description of the actions, as well as exact statistics
of the captured data, can be found in the supplemental Sec. [A]

To capture high-frequency, high-bandwidth CSI, we use a single-antenna
transmitter (USRP N2954-R) that broadcasts WiFi packets at 1 kHz. We oper-
ate on channel 157 with 80 MHz bandwidth, which is typically unused by nearby
WiFi devices, reducing interference while maximizing the number of subcarriers
and thus the richness of the CSI. We deploy four receivers (Asus RT-AC86U),
each with four antennas, placed in the corners of the movement-area, and extract
CSI using NexmonCSI . In total, we collect 328 sequences, totaling 164 min,
and observe an average packet loss of only 0.5% across devices and captures.

Synchronizing Training Data. A key challenge in building training pairs
is aligning the video frames with the much higher-rate CSI stream. Our two
cameras capture video at 30 Hz (side-view) and 50 Hz (bird-view), while CSI
is recorded at 1000 Hz. We subsample the videos by keeping every fifth frame,
which yields effective frame rates of 6 Hz and 10 Hz. Subsampling is needed
to have a coarse enough temporal resolution for computing reasonable optical
flow. For each retained frame at time ¢, we then associate a fixed number of
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Fig. 4. Matching process between CSI and video frames. For sideview and birdview
we match the latest 10 CSI with each image frame; for birdview we use the latest 100.

CSI measurements based on timestamp proximity, selecting the K closest CSI
samples prior to t.

We provide three aligned versions of the data. sideview uses the side-view
camera frames with K = 10, following the pairing used in MM-Fi . birdview
uses the ceiling camera frames with the same K = 10. To study the effect of
larger CSI context per frame, we also introduce birdview,., using the same frames
as birdview but with an increased associatied number of K = 100 CSI. Figure [4]
visualizes the resulting alignment.

Pseudo Ground Truth. To acquire optical flow, we process the subsampled
frames from both cameras using an ensemble of SOTA optical flow methods to
produce pseudo ground truths (denoted as Pseudog) at a resolution of 168 x 128
pixels. Details on the generation of PseudogT can be found in the supplemental
Sec. [Bl

As shown in Fig. [5] the distributions of motion angles differ drastically be-
tween the two camera views. Most motions in the sideview are biased towards
horizontal motions compared to the more uniformly distributed motions in bird-
view. Further, in both of our perspectives, slower motions are more common
than faster ones, with the frequency gradually decaying.

180"

Frequency

315° 5 10 5

270° Magnitude [pixels|

(a) sideview (b) birdview

10 15
Magnitude [pixels|

Fig. 5. Distributions of the motion angles and magnitudes in our two dataset views
of all moving pixels. The distribution of the motion angles reveals that most motions
in the sideview perspective are along the horizontal axis, while the motion directions
in the birdview perspective are more uniformly distributed. Similarly, there are more
samples with faster motions in the birdview perspective.
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Fig. 6. WiFlow block used in all of our architectures. First, the CSI data is prepro-
cessed, and then we use a RAFT-like architecture to predict either optical flow or a
motion mask.

Evaluation Settings. We introduce two different partitioning strategies of
our dataset for model training and evaluation. In time split, 3 of the 4 (6 of
8, respectively) captured sequences per action are allocated for training, with
the remaining reserved and split between validation and test. This allows us to
assess temporal generalization while having the same subjects during training
and testing. To evaluate cross-subject generalization, we additionally propose a
subject split, in which all actions and repetitions performed by seven persons are
used for training, while the data of one other person is used for validation, and
all actions of two other persons are used as a test set. See supplemental Tab.
for further details.

5 WiFlow

We aim to reconstruct the motion field a camera would see, using only CSI
from WiFi receivers. In general, CSI consists of complex-valued measurements
H; € CT*BExDXEXN with T transmit antennas, R antennas per receiver, D
receivers, K subcarriers, and N captured CSI snapshots. In our setup, T' = 1,
D =4, and R = 4; we stack all antenna/subcarrier measurements across the four
receivers into a single antenna-like dimension A = T'- D - R, and use a window of
N snapshots (either 10 or 100, see Sec. @), yielding H] € CA*K*N_ The target is
an optical-flow field F; € R2*#*W where H and W are the spatial height and
width, representing the motion that would be visible between two consecutive
camera frames t; and t;11.

Our goal is to train a neural network that maps CSI sequences to a 2D optical
flow field. This mapping is non-trivial because the input is a structured time—
frequency tensor, while the output is a dense spatial motion field. We achieve
this by leveraging existing CSI preprocessing to obtain a suitable representation
utilized by our proposed model architectures tailored to this task.

Model Architectures. We propose three different models to predict optical
flow from CSI. All of them utilize a basic building block inspired by RAFT ,
a state-of-the-art optical flow method for images. Our basic building block, as
shown in Fig. [f] combines a CSI preprocessor with a RAFT-like architecture to
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Fig. 7. Architectures. In each of our proposed architectures, we use our WiFlow
building block. WiFlowsimple consists only of a flow block, while WiFlowgror uses a
mask block which additionally returns the features of its context and feature networks.
The mask and additional features are then utilized by RolAlign to calculate the optical
flow prediction. In WiFlowcombo, We combine the outputs of a flow and mask block.

either directly predict optical flow or a motion mask. Depending on the output,
we refer to this basic building block as Flow Block or Mask Block, respectively.

As in RAFT, we use three different sub-networks: A Feature Network that
extracts per-pixel features from both input frames and calculates the similarity
between these features, a Contert Network that extracts additional information
from the input frames, and a Refinement Network that combines the outputs
of the other two. The Refinement Network iteratively updates the prediction
multiple times. In our setup, the context network and feature network are both
based on a modified ResNet with an increased input dimensionality to match
the dimensions of the preprocessor’s output data, and the refinement network is
the same convolutional GRU as in RAFT .

Fig. [7] visualizes our three model architectures of varying complexity. Our
simplest baseline, WiFlowgimple, consists of the flow block directly predicting
the optical flow. Since devices in our setup are static and motion is sparse, large
areas of the resulting flow are zero. To leverage this, we also design an archi-
tecture that separates the task into motion localization and motion estimation.
WiFlowg,r is inspired by object detection and segmentation . A mask block
pretrained on CSI is used to predict moving areas. Then, only within the bound-
ing boxes extracted from the motion mask contours, the optical flow is predicted
using RolAlign . In our case, the RolAlign receives bounding boxes and
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a combination of the features calculated in the context and feature networks
of the mask block as inputs, and a convolutional decoder calculates the opti-
cal flow within each bounding box. WiFlowcombe follows a similar motivation,
but instead of sequentially performing motion localization and estimation, two
branches perform these tasks in parallel. One branch computes the flow with a
flow block, while the other branch predicts the motion mask with a mask block,
respectively. The final result is obtained by point-wise multiplying the predicted
flow with the motion mask.

Training Loss. Due to the static camera position, most pixels exhibit zero flow.
To prevent training from collapsing to the trivial all-zero prediction, we modify
the sequence loss of RAFT [69] by up-weighting errors on non-zero flow pixels
as

M
L= MM (Fy = F)t, (2)
m=1

where M is the number of iterations in the refinement network, + is the decay
factor and F,, is the optical flow prediction at the m-th refinement iteration.

6 Experiments

As no prior work has targeted the task of predicting optical flow directly from
CSI, we conducted a detailed analysis of common CSI preprocessing methods
and our proposed model architectures.

6.1 Setup

Evaluation Metrics. Following common practice in optical flow [41,/69,77], we
evaluate the endpoint-error (EPE), which measures the mean Euclidean norm
of the differences between the predicted optical flow vectors and our pseudo
ground truth (Pseudogr). In our setup, due to the static camera, each frame
of our dataset contains a large portion of static background without motion,
biasing the overall EPE, as visualized in Fig. [§] We therefore separately analyze
the EPE for the moving and static pixels. EPEy; refers to the EPE of the moving
pixels, i.e. pixels where the Euclidean norm of the Pseudogr is larger than 0.5,
while EPEg refers to the EPE of the remaining static pixels. We report all
three metrics in our experiments. We also introduce EPE,, where all areas are
evaluated but amplified by 4, similar to our loss. This amplifies the penalization
of absent but expected motion.

Implementation Details. We train all our methods using a cosine annealing
learning rate scheduler [45] with a base learning rate of 1e=3 on a single NVIDIA
RTX 6000 Ada GPU. We set the decay factor of our loss function to 0.8, and
train all models using the AdamW optimizer [46] for 60k training steps with 4
refinement iterations.
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EPE 0.17 EPE 0.40 EPE 0.13
EPENM2.03 EPEnM1.50 EPE\N 3.02
EPEg 0.08 EPEg 0.35 EPEs 0.00
EPEA 0.36 EPEj 0.40 EPEA 0.38
Pseudogt WiFlowgror WiFlowsimple Zero Prediction

Fig. 8. Metrics. A comparison of our metrics on different predictions shows that
for our setting, the EPE can be minimized when not predicting any motion (zero
prediction). We use EPE4 as a more stable alternative. Further, we evaluate moving
and static areas separately (EPEy and EPEg).

Table 2. Preprocessing. Results of Table 3. Computational require-
WiFlowgimple trained on the time split ments for birdviewy during inference
of birdviewy. Zero represents the base- of our three proposed architectures av-
line performance achieved by predict- eraged over 1000 measurement runs on
ing constant-zero flows. a single NVIDIA RTX 6000 Ada GPU.

EPE EPE\ EPEs EPEA Time FLOPs Memory

inms x10° in MB

WiFlowsimple 23 22 380
WiFlowrer 26 22 380

Zero 0.17 3.70 0.00 0.84

SavGol 0.59 3.64 044 1.14
Fourier 0.41 3.71 0.25 0.95

Raw 0.40 3.71 0.24 094 Wiklowcombo 47 43 763
Quotient 0.41 2.89 0.29 0.78
PCA 047 295 0.35 0.82

6.2 Analysis

Preprocessing. We consider five CSI preprocessing strategies. Raw uses am-
plitude and phase for every complex CSI value; amplitude is normalized to [0, 1].
Quotient |78] normalizes across antennas: for each device, subcarrier and time
step, we divide the complex measurement of each antenna by the measurement
of a reference antenna. This largely cancels phase offsets shared within a de-
vice. Fourier applies an inverse Fourier transform along the time dimension
independently for each antenna and subcarrier, and uses the resulting real and
imaginary parts as features. SavGol smooths the real and imaginary parts of
the CSI independently over time using a Savitzky—Golay filter (window length
51). PCA performs PCA-based denoising over the flattened per-timestep CSI
vector (A x K x 2 for real/imag), keeping 150 principal components; the PCA
projection is computed once on the training set. The PCA features are projected
back to the original space to preserve the input tensor shape.

Tab. [2] shows the effect of the different preprocessing of CSI when training
our WiFlowgimple. Although Raw achieves the lowest EPE, it does not achieve
this for the actual moving pixels. For our setup, the EPE can be minimized
by solely predicting zero optical flow values. Quotient achieves the lowest EPE
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Fig. 9. Impact of device count. Accuracy on birdview; when increasing the number
of receiver devices (4 antennas per device). For the single-device setting, we also report
a variant using only two antennas from the first receiver.

for the moving pixels (EPEy;), while having also competitive low EPE for the
background area (EPEg). This is further confirmed with its lowest EPE5. The
quantitative gap between Raw and Quotient indicates that preprocessing se-
lection is necessary and beneficial before further processing CSI with a neural
network. Based on these findings, we train all subsequent models using the Quo-
tient preprocessor.

Impact of Device Count. To evaluate the impact of the number of devices,
we train multiple WiFlowsimple models with 1-4 receivers. For the single device
setting, we additionally evaluate a 2 antenna for a single receiver. As shown in
Fig. [9] we observe improvements across all metrics as we increase the number
of devices up to 3, with only minor improvements beyond that. We therefore
conclude that incorporating measurements from multiple spatially separated re-
ceiver locations is beneficial for performing spatial inference tasks such as optical
flow estimation. For further experiments, we use CSI from all 16 antennas of the
four receivers.

Comparing Architectures. Our three architecture vary in computational re-
quirements. Tab. |§| shows that that WiFlowgimple and WiFlowger have very
similar requirements. WiFlowcompo requires roughly twice as many compute re-
sources as the other methods due to having two of the WiFlow blocks. However,
all of our methods require less than 1GB of VRAM, which allows running our
models even on cheap consumer GPUs and inference is in the order of ms.

Tab. [4] shows the resulting accuracies of our proposed models on each per-
spective and evaluation split of our dataset. The results are consistent across all
possible settings of our dataset and they show that WiFlowcombo performs best
across most of our metrics. The only exception is EPEy where WiFlowgimpie
outperforms all other models. However, the qualitative results, shown in Fig.
indicate that WiFlowgimple suffers from a lot of noise in the non-moving back-
ground pixels, whereas our other models are better at localizing motion. We
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Table 4. Evaluation of EPE ({) metrics of WiFlow on each evaluation setting of our
proposed dataset.

Subject Split Time Split
Perspective Architecture
EPE EPEMm EPEg EPE EPEMm EPEg
WiFlowsimple 0.51 2.22 040 0.53 2.07 043
sideview WiFlowgror 0.18 2.36 0.04 0.16 2.21 0.04
WiFlowcombo 0.16 2.36  0.02 0.15 2.18 0.03
WiFlowsimple 0.55 3.53  0.40 0.56 3.24 043
birdview WiFlowgror 0.21 3.73 0.05 0.20 3.40 0.04
WiFlowcombo 0.19 3.71 0.03 0.18 3.38 0.03
WiFlowsimple 0.45 3.24 0.32 0.41 2.89 0.29
birdview WiFlowgor 0.21 3.41 0.05 0.19 3.13 0.05

WiFlowcombo 0.18 3.50  0.02 0.17 3.13  0.02

Table 5. Resolution. Evaluation of EPE ({) metrics on different resolutions on the
subject split of birdviews.

128 x 168 256 x 336
Architecture
EPE EPEn EPEg EPE EPEMm  EPEg
WiFlowsimple 0.45 3.24 0.32 0.87 7.00 0.59
WiFlowgor 0.21 3.41 0.05 0.42 7.40 0.10
WiFlowcombo 0.18 3.50 0.02 0.37 7.41 0.05

provide further in-depth analysis of the accuracy of our networks on the differ-
ent actions present in our dataset in supplemental Sec. [E]

Cross Subject Generalization. In the evaluation of our two different split
protocols, shown in Tab. [d] we can see that the overall accuracy is very sim-
ilar between time and subject split. This shows that all our architectures can
generalize to unseen persons and that they do not overfit to the training data.

Impact of Output Resolution. To explore the impact of optical flow image
resolution on our models, we additionally train all models with a target resolu-
tion of 256 x 336 pixels, rather than the 128 x 168 pixels as used in our other
experiments. In Tab. [5] we find that all of the measured EPEs roughly double
when doubling the resolution, meaning that the overall error is comparable and
dominated by the capabilities of the prediction from CSI-data.

Limitations. We have shown that our framework is capable of learning to
predict optical flow directly from CSI. However, similar to other methods in the
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WiFlOWROI
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Fig.10. Qualitative results of each architecture trained on the time split of
birdviews. The upper half shows a single moving person in each scene, while the lower
half shows samples with multiple moving persons. WiFlowsimple tends to predict more
motions in the static background than our other models, and the overall prediction
quality of our methods is lower when multiple persons are moving.

field of WiFi sensing, WiFlow is limited to the environment trained for and does
not generalize to other rooms or environments. Additional limitations arise from
the fact that we do not have exact ground truth for the motion. Specifically,
the Pseudogt of our proposed dataset suffers from inconsistencies regarding the
motion of shadows. While optical flow tracks the movement of the shadows, these
motions cannot be tracked in the frequency domain of the CSI. Further, we have
shown preliminary results that our framework can also generalize to multi-person
movements in Fig. [[0] However, it is not as precise as for single-subject actions,
most likely due to the low percentage of multi-person data in the dataset. In
addition, often multiple people move in different directions. Although WiFlowg
supports multiple bounding boxes, it will struggle with occluded areas by design.

Another limitation we found is that the output resolution and level of detail
of our models are relatively low compared to optical flow models that use camera
inputs. While this limitation is expected, since CSI cannot be directly compared
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with camera frames, it may limit the practical applicability of our models in
their current form. However, it also raises new research questions about how to
increase the level of detail of these models, and we hope that this issue will be
further explored in future work, building on the insights we gained.

7 Conclusion

In this work, we have demonstrated that we can estimate motion, in the form of
optical flow, within a fixed scene from CSI sequences. We proposed and compared
three model architectures and found that our method WiFlowcombe, which lever-
ages sharpening through a dedicated motion mask predictor, yielded the best
accuracies. These results are consistent across different perspectives and even
generalize to subjects not part of the training data. Our novel sensing dataset is
the first to incorporate optical flow as a modality and will be publicly released to
encourage further research on motion estimation from CSI. With this, CSI-based
optical flow estimation is a candidate technology for application scenarios where
camera-based systems are unavailable or undesired.
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A. WIFLOW DATASET i

WiFlow: Estimating Optical Flow using WiFi
Channel State Information

Supplementary Material

A  WiFlow Dataset

Table A.1. Action definitions. Description of each recorded action that we per-
formed in our capturing room. All actions were performed while walking, some included
faster motion or brief periods of stationary motion.

Action Description

Slow-walk  The subject walks continuously at a regular speed, producing longer
stance phases and smoother transitions.

Fast-walk ~ The subject walks continuously at an increased speed compared to nor-
mal gait, with no additional upper-body activity.

Together Slow-walk with two subjects, with unequal motions in terms of positions
and directions.
Collect The subject walks through the movement area while bending intermit-

tently to pick up imaginary objects. The motion alternates between for-
ward walking and short stationary collection phases.

Knee The subject transitions from walking to a kneeling posture on the floor
and remains briefly stationary, then stands up and continues walking.

Mill The subject walks continuously while performing a single arm rotation.

Waving The subject walks while repeatedly waving one arm, introducing periodic

upper-body motion with brief quasi-stationary arm phases.

Off-area No subject is present in the movement area, but there is movement in
the adjacent off-area in the same room.
Void No subject is present in the movement area, and there is no intended

motion in the off-area.

Our dataset consists of 9 different actions, shortly described in Tab. [A7T] We
recorded up to 10 persons (labeled S01-S10) performing multiple repetitions of
each action, resulting in multiple sequences denoted as A01-A44. Additionally,
we introduce a pseudo-subject SO0 for the two special actions off-area and void.
A summary of the total number of captured camera frames and channel state
information (CSI) is provided in Tab.

For our two proposed split protocols for training and evaluation, we provide
the distribution w.r.t. sequence and subject numbers in Tab. [AZ3] Our time split
allocates 75% of our captured sequences to training, 3% to validation, and the
remaining 22% to testing. In contrast, our subject split uses all captures of 7
subjects for training, one subject for validation, and two for testing.



ii Weigel et al.

Table A.2. Dataset overview. Our dataset consists of 7 different actions performed
multiple times by a total of 10 people and 2 additional actions where no one is moving
(void) and one where there is only motion outside of the caption area (off-area). We cap-
ture camera frames and CSI and derive three datasets (sideview, birdview, birdviews.).

Camera Frames CSI

Action 1D Subjects

sideview birdview sideview birdview birdviewy
Slow-walk A21-A28 10 24,000 14,400 240,000 144,000 1,440,000
Fast-walk  A17-A20 10 11,700 7,020 117,000 70,200 702,000
Together A13-A16 10 12,000 7,200 120,000 72,000 720,000
Collect A01-A04 10 12,000 7,200 120,000 72,000 720,000
Knee A05-A08 10 11,780 7,068 117,800 70,680 706,800
Mill A09-A12 10 12,000 7,200 120,000 72,000 720,000
Waving A29-A32 9 10,800 6,480 108,000 64,800 648,000
Off-area A33-A36 0 1,200 720 12,000 7,200 72,000
Void A37-A44 0 2,400 1,440 24,000 14,400 144,000
Total 97,880 58,728 978,800 587,280 5,872,800

B Generation of Pseudo Ground Truth

Generating the pseudo ground truths (Pseudogt) from our captured camera
frames is an important step in the construction of our dataset. Before processing,
we downsample the video frames to 168 x 128 pixels. To ensure reliable optical
flow estimations for our Pseudogr, we create an ensemble of multiple optical
flow methods and average their predictions. We provide details on the optical
flow methods and checkpoints used in Tab.[A4] Finally, to minimize background
noise, we threshold all motion with a magnitude less than 0.5 to zero.

C Architecture Details

Both of our architectures, WiFlowg,; and WiFlowcombo, contain a mask block
that only predicts where movements occur, rather than their direction and mag-
nitude. For training these two architectures, we found that it is best to pre-train
only the mask block using a mean squared error loss (Lrsg) between the mask
prediction and a Pseudogt where all non-zero motions are set to 1 before train-
ing the other modules of each architecture.

D Qualitative Results

In the supplemental files, we include a video showcasing further qualitative re-
sults for all our models across different split protocols and actions.
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Table A.3. Split protocol details showing the sequences and subjects used as train-
ing, validation, and testing set in our time and subject split.

Protocol Attribute Train Validation Test
Actions  A02-A04, A06-AO0S, A25 A01, A05, A09, A13,
Time A10-A12, A14-A16, A17, A21, A29, A33,
A18-A20, A22-A24, A37, A4l

A26-A28, A30-A32,
A34-A36, A38-A40,

A42-A44
Subjects S00-S10 S00-S10 S00-S10
Percentage 75% 3% 22%
Actions A01-A44 A01-A32 A01-A32
Subject  Subjects S00, S01, S03-S05, S02 S06, S08
07, S09, S10
Percentage 71% 10% 19%

Table A.4. Optical flow model names and their respective checkpoints within the
PTLFlow Framework |96] that we utilized in our ensemble to create Pseudogr optical
flow predictions for our proposed datasets.

Model Name Fine-tuned Dataset Tag
rpknet [97] things
ms_raft_p [95] mixed
sea_raft m |77] spring
memflow [16] spring
dpflow |51] spring

E Detailed Results

Fig. shows a detailed evaluation for each action type of our proposed ar-
chitectures. Overall, these evaluations show a clear trend: WiFlowcompo is our
most accurate model across almost all actions and metrics, and WiFlowge; is
the second-best. The differences in the EPE of our models for the action to-
gether compared to simpler actions, such as fast-walk, also confirm our findings
in Sec. [6.2] and Fig.

Notably, both of our mask-based architectures WiFlowgr,r and WiFlowcombo
handle the special actions off-area and void almost without any error, whereas
WiFlowgimple sometimes predicts motions in these frames. This shows that mask-
ing strategies eliminate most of the background noise produced by a simple
optical flow estimator in our setting.
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Fig. A.1. Detailed evaluations of our architectures for each action on birdviews in
the time split. The action all is the combined evaluation of all sequences independently
of the action captured. Note that by construction, the evaluation of our zero baseline
always has an endpoint-error of 0 when only considering the static pixels (EPEg).
Similarly, an evaluation of EPEy for our two special actions off-area and void is not
possible, as there are never any moving pixels for these actions in any frame.

F Optical Flow in Low Brightness Settings

Optical flow methods often depend heavily on brightness consistency. In Fig.
we illustrate the brightness dependence of a state-of-the-art flow estimator (MS-
RAFT [95]) by simulating low-brightness settings. We decrease the brightness
and add 3% noise to simulate frames taken in darker environments. This results
in a reduced accuracy compared to our method. Further, there is ongoing re-
search on brightness and other optical adversarial attacks [98,99], to which a
CSI-based flow is invariant by design.



MS-RAFT Ir}‘put

WiFlow

F. OPTICAL FLOW IN LOW BRIGHTNESS SETTINGS v

Fig. A.2. Brightness dependency of MS-RAFT and our WiFlowcombo. We grad-
ually decrease the brightness and add additive noise to the original frame. Accuracy
of MS-RAFT decreases while WiFlowcombo is not affected, as it is independent of the
input images.
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