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Cross-view gait recognition remains vulnerable to viewpoint shifts and appearance changes, especially
under carrying and clothing covariates. We propose BFS-CNN-ECA-GMP-GRU-MSP, an enhanced ver-
sion of our previous BFS-CNN-GMP-GRU-MSP framework, by introducing two upgrades: multi-stage
lightweight channel recalibration with Efficient Channel Attention (ECA) and cosine-consistent metric
learning through cosine batch-hard triplet loss, a cosine classifier, and L2-normalized embeddings. Ex-
periments are first conducted on CASIA-B under the same legacy closed-set protocol used in our earlier
Informatica study (gallery: NM#01-04, probe: NM#05-06, BG#01-02, CL#01-02; same-view matches
excluded). This protocol is retained to isolate architecture-level improvements and is interpreted as a
within-protocol comparison rather than a subject-disjoint generalization benchmark. Under this setting,
the proposed model reaches mean Rank-1 accuracies of 99.96% (NM), 99.74% (BG), and 98.38% (CL), im-
proving the baseline by +2.96, +5.74, and +7.38 percentage points, respectively. To probe unseen-subject
behavior more directly, we further report a supplementary subject-disjoint split (subjects 001-074 for train-
ing and 075—124 for testing), where the full model attains 97.73% (NM), 87.98% (BG), and 64.00% (CL).
Under this stricter split, the clearest effect of ECA appears under clothing variation, where the full model
exceeds w/o ECA by 1.82 percentage points on CL, while the ECA branch still introduces only 13 learn-
able parameters (k=3/5/5 for 64/128/256 channels). These results support the proposed modifications as
a lightweight and effective enhancement for protocol-matched cross-view gait recognition, while broader
multi-split subject-disjoint and open-set validation remains future work.

Povzetek: Clanek predstavi lazjo nadgradnjo CNN-GRU okvira za prepoznavo hoje med pogledi, ki z ECA
kanalno pozornostjo in kosinusno konsistentnim metricnim ucenjem izboljsa robustnost pri nosenju pred-
metov in spremembah oblacil, ob zelo majhnem Stevilu dodatnih parametrov.

1 Introduction

Gait recognition is a biometric technology that identifies in-
dividuals based on their walking patterns. Compared with
other biometric modalities such as face, fingerprint, and iris
recognition, gait recognition can operate at a distance with-
out requiring subject cooperation and does not rely on high-
resolution image acquisition devices [2, 4]. These proper-
ties make gait recognition particularly valuable for applica-
tions in video surveillance, public security monitoring, and
forensic investigation. In recent years, deep learning meth-
ods have advanced gait recognition substantially, with con-
volutional and recurrent networks being widely adopted for
spatial and temporal feature extraction from gait sequences
[3, 4].

Despite this progress, cross-perspective gait recognition

remains difficult in real deployments. The same subject can
look very different across camera viewpoints, and covari-
ates such as bags and heavy coats further distort body con-
tours [5, 6]. In CASIA-B, the clothing condition (CL) is
typically the hardest setting because the coat changes upper-
body shape and suppresses discriminative silhouette cues
[7].

Existing methods address this issue from different an-
gles. GaitSet [8] models a sequence as an unordered
set, GaitPart [9] learns part-aware temporal dynamics, and
GaitGL [10] combines global and local representations.
Recent work such as DyGait [11] and QAGait [12] further
improves dynamic and quality-aware modeling. OpenGait
[3] has also made protocol and implementation comparison
more systematic. Even with these advances, robustness un-
der severe covariates and cross-view shifts is still a practical
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bottleneck.

In our previous work [1], we introduced a BFS-CNN-
GMP-GRU-MSP framework that combines multi-scale
spatial extraction, BFS-style neighborhood propagation,
and GRU-based temporal modeling. That model reached
0.97/0.94/0.91 accuracy under NM/BG/CL, but two limi-
tations remained. First, channel recalibration was missing,
so the model could not explicitly suppress noisy channels
under strong covariates. Second, the training objective and
evaluation metric were inconsistent: triplet loss used Eu-
clidean distance, while retrieval used cosine similarity.

To address these limitations, we propose an enhanced
model, BFS-CNN-ECA-GMP-GRU-MSP, with three con-
tributions:

(1) Lightweight channel recalibration with ECA. Ef-
ficient Channel Attention (ECA) modules [13] are inserted
after each CNN stage. Compared with SE-style channel at-
tention [14], ECA uses local channel interaction through a
1D convolution and introduces only 13 parameters across
all three stages.

(2) End-to-end cosine-consistent metric learning. We
align training and inference in the same angular space:
cosine-distance batch-hard triplet loss, cosine classifier,
and L2-normalized embeddings.

(3) Controlled empirical validation. Under the same
CASIA-B protocol used by our baseline [1], we report full-
condition results, per-view analysis, ablation studies, and
feature visualizations (t-SNE and Grad-CAM), and we ad-
ditionally provide a supplementary subject-disjoint split to
examine unseen-subject behavior more directly.

Research objective and scope. The goal of this study is
not to claim universal state-of-the-art performance across
all gait benchmarks, but to answer a narrower and practi-
cally relevant question: can lightweight channel attention
and cosine-consistent metric learning improve cross-view
gait recognition under appearance covariates while keep-
ing additional parameter cost negligible? Our working hy-
pothesis is that explicitly reweighting channels and aligning
the optimization metric with the retrieval metric will be es-
pecially beneficial under the clothing condition (CL), where
silhouette distortion is strongest.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on gait recognition, attention
mechanisms, and metric learning. Section 3 presents the
proposed method in detail. Section 4 reports the experi-
mental results and analysis. Section 5 discusses the broader
implications, limitations, and practical considerations of the
study. Section 6 concludes the paper.

2 Related works

2.1 Cross-view gait recognition

Cross-view gait recognition has attracted considerable re-
search attention over the past decade. Early methods pri-
marily relied on handcrafted features and geometric trans-
formations to handle viewpoint changes, but these ap-
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proaches generally suffered from limited representational
capacity [2]. With the rise of deep learning, CNN-based
methods have become the dominant paradigm. Chao et al.
[8] proposed GaitSet, which regards the gait sequence as an
unordered set and uses set pooling to aggregate frame-level
features. This approach is robust to sequence length varia-
tions but ignores the temporal ordering information that is
inherent in walking patterns.

Fan et al. [9] introduced GaitPart, a temporal part-based
model that divides the silhouette into horizontal strips cor-
responding to different body parts and applies separate tem-
poral modeling to each part. This design captures the dis-
tinct motion patterns of different body regions, such as arm
swing and leg stride. Lin et al. [10] proposed GaitGL,
which integrates global and local feature representations
through a unified framework and achieves local tempo-
ral aggregation to capture short-range temporal dynamics.
More recently, DyGait [11] explicitly targets the extrac-
tion of dynamic features from moving body parts, achiev-
ing strong results on multiple benchmark datasets. QAGait
[12] addresses gait recognition from a quality-aware per-
spective, handling low-quality samples that often degrade
performance in practical scenarios. Fan etal. [16] proposed
SkeletonGait, which generates skeleton-based gait maps as
an alternative modality to silhouettes, providing robustness
against appearance-level noise.

Our previous work [1] proposed the BFS-CNN-GMP-
GRU-MSP model that introduces breadth-first search for
feature propagation across the feature map, combined with
multi-scale spatial pyramid fusion and GRU-based tempo-
ral attention. While this model demonstrated the effective-
ness of BFS-based feature interaction, it did not incorporate
channel-level attention and used inconsistent distance met-
rics between training and evaluation.

Table 1 provides a contextual reference for representative
CASIA-B methods. Two observations motivate the present
work. First, the literature shows that performance gains of-
ten arrive together with broader backbone redesign, proto-
col tuning, or auxiliary quality processing. Second, rela-
tively less attention has been paid to whether the training
objective and the final retrieval metric are geometrically
aligned. Our work therefore targets a narrower gap: im-
proving a protocol-matched baseline through lightweight
channel recalibration and cosine-consistent optimization
without materially increasing model size.

2.2 Attention mechanisms

Attention mechanisms have been widely applied in com-
puter vision to enhance feature representations by selec-
tively focusing on informative regions or channels [17].
The Squeeze-and-Excitation Network (SE-Net) [14] intro-
duced the concept of channel attention by using global aver-
age pooling followed by two fully connected layers to gen-
erate channel-wise weights. While effective, the SE block
introduces a non-negligible number of parameters due to its
dimensionality reduction design.
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Table 1: Protocol-aware contextual comparison of representative CASIA-B gait methods. Reported numbers are taken
from the original papers under their own settings and are therefore shown for contextual reference only rather than strict
apples-to-apples comparison. Because parameter counts and runtime settings are not reported consistently across the cited
sources, they are discussed separately rather than forced into the same table. “N/R” denotes not reported in the cited

source.

Method Venue Protocol / setting note NM BG CL Mean
GaitSet [8] AAAT’19 Original CASIA-B setting re- 950 872 704 842
ported in the source paper
GaitPart [9] CVPR’20 Identical-view cases excluded in 96.2 91.5 78.7 88.8

the original paper
GaitGL [10] ICCV21 Global-local plus local temporal 97.4 945 83.6 91.8
aggregation (LT setting)
DyGait [11] ICCV’23 Mean CASIA-B Rank-1 reported N/R N/R N/R 984
in the abstract; per-condition num-
bers not separately listed in the
source paper
QAGait [12] AAAT’24 Quality-aware setting on a re- 979 94.6 782 90.2
duced GaitBase backbone for
small-scale CASIA-B
Previous baseline  Informatica Legacy protocol retained in the 97.0 94.0 91.0 94.0
[1] 2022 present study for direct compari-

son

Wang et al. [13] proposed ECA-Net (Efficient Chan-
nel Attention Network), which replaces the fully connected
layers in SE-Net with a single one-dimensional convolu-
tion. The kernel size of the convolution is adaptively de-
termined based on the number of channels, enabling local
cross-channel interaction without dimensionality reduction.
This design achieves comparable or superior performance
to SE-Net while significantly reducing the parameter over-
head. The simplicity and efficiency of ECA make it par-
ticularly suitable for integration into existing architectures
where parameter budget is a concern.

In the context of gait recognition, attention mechanisms
have been explored for both spatial and temporal feature
refinement. Yan et al. [7] proposed adaptive structured
spatial representations combined with multi-scale tempo-
ral aggregation. However, the systematic application of
lightweight channel attention specifically to multi-stage
gait feature extraction has not been fully explored.

2.3 Metric learning for person identification

Metric learning plays a crucial role in person re-
identification and gait recognition tasks. The triplet loss,
originally popularized by Hermans et al. [18] through the
batch-hard mining strategy, encourages the model to learn
embeddings where samples of the same identity are closer
together than samples of different identities. The choice of
distance metric in the triplet loss significantly affects train-
ing dynamics and convergence.

Wojke and Bewley [19] demonstrated the advantages
of cosine distance over Euclidean distance for person re-
identification, showing that cosine metric learning pro-
duces more discriminative embeddings in the angular

space. Luo et al. [20] proposed the BNNeck design and
a bag of tricks for person re-identification, including batch
normalization before the classification head and separate
treatment of features for triplet and cross-entropy losses.
Their work established a strong baseline that has been
widely adopted in subsequent research.

Label smoothing [21], originally proposed for training
deep classification networks, has been shown to prevent
overconfident predictions and improve generalization. In
the context of metric learning, label smoothing applied to
the cross-entropy branch helps regularize the training pro-
cess and produces more calibrated classification scores.

3 Proposed method

This section presents the proposed BFS-CNN-ECA-GMP-
GRU-MSP model in detail. The overall architecture is first
described, followed by the design of each component mod-
ule.

3.1 Difference from the previous
Informatica model

The present manuscript extends rather than replaces our
earlier BFS-CNN-GMP-GRU-MSP framework [1]. The
inherited components are the three-stage CNN backbone,
BFS-based feature propagation, MSP spatial fusion, GRU-
GMP temporal modeling, and the gated fusion design. The
new elements introduced in this paper are: (1) multi-stage
ECA channel attention after each backbone stage; and (2)
a cosine-consistent learning pipeline that replaces the Eu-
clidean triplet objective and standard linear classification
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geometry with cosine-distance batch-hard triplet loss, co-
sine classification, and L2-normalized embeddings. This
explicit separation clarifies that the current contribution
lies in a lightweight architectural enhancement and a train-
ing/evaluation metric redesign built on a previously estab-
lished backbone.

3.2 Overall architecture

The proposed model takes gait silhouette sequences as in-
put and produces identity embeddings for recognition. The
input is a batch of silhouette sequences with dimensions
[B,T,1, H, W], where B is the batch size, T" is the number
of frames (set to 30), H = 64 and W = 44 are the spatial
dimensions. The architecture consists of seven main com-
ponents arranged in a sequential pipeline:

(1) CNN Backbone: A three-stage residual convolu-
tional network that extracts hierarchical spatial features at
multiple scales, producing feature maps of 64, 128, and 256
channels respectively.

(2) ECA Channel Attention: Efficient Channel Atten-
tion modules applied after each CNN stage to dynamically
recalibrate channel-wise feature responses.

(3) BFS Feature Propagation: Breadth-first search in-
spired neighborhood aggregation modules that propagate
information across the spatial extent of each feature map
with gated fusion.

(4) Multi-Scale Spatial Pyramid (MSP): A multi-scale
dilated convolution module that fuses the three-level fea-
tures through horizontal part-based pooling to produce spa-
tial feature vectors for each body part.

(5) GRU-GMP Temporal Attention: A temporal mod-
eling module that combines global max pooling, bidirec-
tional GRU, and learnable temporal attention to capture gait
dynamics.

(6) Gated Fusion: A learnable gating mechanism that
adaptively combines the spatial and temporal feature repre-
sentations.

(7) BNNeck and Cosine Classifier: Batch normaliza-
tion neck followed by cosine-based classification, produc-
ing both class predictions and L2-normalized embeddings.

The model outputs three tensors: triplet features (be-
fore batch normalization, used for triplet loss computation),
classification scores (from the cosine classifier), and L2-
normalized embedding vectors (for evaluation retrieval).
The total number of trainable parameters is 6.83M.

3.3 CNN backbone

The CNN backbone consists of three stages, each contain-
ing a basic convolution block followed by a residual stage.
The basic convolution block applies a 3 x 3 convolution,
batch normalization, and LeakyReLU activation (negative
slope 0.2). The residual stage consists of two 3 x 3 convo-
lutional layers with batch normalization and LeakyReLU,
employing a skip connection. When the input and output
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Comparison
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ECA (Ours): 1xConv1d, only k parains

Figure 1: Overall architecture of the proposed BFS-CNN-
ECA-GMP-GRU-MSP model

channel dimensions differ, a 1 x 1 convolution is used to
align the residual branch.
The three stages operate as follows:

— Stage 1: Input channel 1 — output channel 64, spatial
dimensions preserved, followed by 2 x 2 max pooling.

— Stage 2: Input channel 64 — output channel 128, fol-
lowed by 2 x 2 max pooling.

— Stage 3: Input channel 128 — output channel 256, no
additional downsampling.

The output feature maps of the three stages are
[B x T,64,H,W], [B x T,128 H/2,W /2], and [B X
T, 256, H /4, W /4] respectively, where each stage captures
spatial information at a different level of abstraction: shal-
low texture features, mid-level structural features, and deep
semantic features.

3.4 Efficient channel attention (ECA)

The ECA module is the first key innovation of this work. It
is applied independently after each stage of the CNN back-
bone to perform channel-wise feature recalibration. The
computation proceeds as follows.

Given an input feature map X € , global aver-
age pooling is first applied to aggregate spatial information:

RCXHXW

y = GAP(X) € RO*1x!

Then, a one-dimensional convolution with kernel size
k is applied along the channel dimension to capture local
cross-channel interactions:

§ = o(Convldg(y))

where o denotes the sigmoid activation function. The out-
put is used as channel-wise attention weights to recalibrate
the input feature map:

ECAX) =X 0§

where ® denotes element-wise multiplication with broad-
casting over the spatial dimensions.
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BFS Feature Propagation Module

BFS Neighborhood Aggregation (Left) Gated Fusion Mechanism (Right)
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fi(Hl) = fi(l) + wo. mean(fj), jE€ N(i) four = forig 2Ll = g) + fpron Xg

Implementation: avg_pool2d + replicate padding
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Gated mechanism adaptively balances original and
propagated features, preventing oversmoothing

Figure 2: Structure of the efficient channel attention (ECA)
module

The kernel size k is adaptively determined based on the
number of channels C' using the following formula:

log, C'+b
v

k=

odd

where 7 = 2 and b = 1. The subscript “odd” indicates that
the result is rounded to the nearest odd integer.

The parameter overhead introduced by ECA is remark-
ably small. Table 1 summarizes the configuration at each
stage:

The ECA modules add 13 learnable parameters in to-
tal (0.0002% of 6.83M). This keeps the attention branch
lightweight while retaining measurable gains under chal-
lenging covariates. The structure is shown in Figure 2.

3.5 BFS feature propagation

The BFS feature propagation module, originally introduced
in our previous work [1], enables global information ex-
change across the feature map by simulating breadth-first
search through neighboring nodes. Each spatial position in
the feature map is treated as a node, and the BFS process
propagates information from each node to its neighbors in
a layer-by-layer manner.

For a single propagation layer, the feature update rule is:

1
fi(lH) = fi(l) +wh . 0] Z f;l) (1

where fi(l) is the feature of node i at search layer I, N (i)
is the 3 x 3 spatial neighborhood of node i, and W) is a
learnable weight matrix implemented as a convolution with
channel reduction ratio of 4.

A gated fusion mechanism is employed to balance the
original features and the propagated features:

g=ao (COHV([forigv fPTOP]))

fout = forig : (1 - g) + fprop - g

where [-, -] denotes channel-wise concatenation and g is the
gating value computed through a convolutional layer fol-
lowed by sigmoid activation.
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3.6 Multi-scale spatial pyramid (MSP)

The MSP module fuses the three-level feature maps into
a unified spatial feature representation through multi-scale
dilated convolutions and horizontal part-based pooling.

FrameMax temporal aggregation. For each of the
three feature map levels, the temporal dimension is first
collapsed by taking the element-wise maximum across all
frames:

T
Fiax = max F}
t=1

Multi-scale dilated convolution. Each level of fea-
ture maps is processed by a group of dilated convolutions
with dilation rates of [1, 2, 4], capturing spatial relation-
ships at different ranges: local, medium-distance, and long-
distance, respectively. The dilated convolution is an effec-
tive approach for expanding the receptive field without in-
creasing the number of parameters [22].

Channel alignment. All three levels of features are pro-
jected to a common channel dimension of 128 through 1 x 1
convolutions, enabling subsequent feature fusion.

Horizontal part-based pooling (HPP). The aligned fea-
ture maps are spatially divided into P = 8 horizontal strips
through adaptive average pooling, where each strip corre-
sponds to a different body region (head, upper torso, lower
torso, legs, etc.).

Feature concatenation and mapping. For each body
part, the features from the three levels are concatenated
along the channel dimension (128 x 3 = 384 dimensions)
and mapped to the target feature dimension (256) through
a part-specific fully connected layer.

The output of the MSP module is a spatial feature tensor
of size [B, 8, 256], representing 8 body part features of 256
dimensions each.

3.7 GRU-GMP temporal attention module

The temporal attention module captures the temporal dy-
namics of gait sequences through a combination of global
max pooling, bidirectional GRU, and learnable attention
weights.

Global max pooling (GMP). The Stage 3 feature map
is first processed by a 3 x 3 convolution for spatial feature
refinement. Then, global max pooling is applied over the
spatial dimensions (H, W) to extract the most salient chan-
nel response at each time step:

vy = max Fy(c, h, w)
h,w

Bidirectional GRU. The temporal feature sequence is
fed into a bidirectional GRU [23] with hidden size 128 in
each direction, producing hidden states of dimension 256:

—
Vg, M1

), Iy = GRUpy(v1, his1)

he = [ht, ho]

ﬁ
hy = GRUjy(
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Table 2: ECA module configuration at each feature extraction stage
Stage Channels C'  Kernel size k  Parameters
Stage 1 (Shallow) 64 3 3
Stage 2 (Middle) 128 5 5
Stage 3 (Deep) 256 5 5
Total — — 13
Spatial Branch
CNN Backbone E‘FS Feattgre
k=3 P9 on BNNeck + Cosine
Stage 1: spatial_features Classifier
[64, 64, 44] [B, 8, 256] « | triplet_
X |features
=
Total: only 5
13 params | BFs Feature IE
5 k=5 Propagation Gated Fusion 2
ECA - | class_
< o
i RUcnEchy | e (| ________ T
: Temporal CRRc i) §
i 2
BFS Feature Alention ? N |embeddings
Input: k=5 Propagation 0 —m
(B,T, 1,64, 44] x (S z
Channel H o =
Attention temporal_features pNNeck
& [B, 256] + Cosine
CNN Backbone Classifier

Temporal Branch

Figure 3: BFS feature propagation mechanism on a feature map
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Figure 4: Structure of the multi-scale spatial pyramid
(MSP) module

Temporal attention. A learnable attention mechanism
computes importance weights for each time step:

o = softmax (w” tanh(Wh, + b))

T
Cc = E Ojt'ht
t=1

Figure 5: Structure of the GRU-GMP temporal attention
module

3.8 Gated fusion

The spatial features from MSP (part-based, [B, 8, 256]) and
temporal features from GRU-GMP (global, [B, 256]) are
fused with a learnable gate:

9" =0q (Wg [/, s(]f;)tiah Jremporal] + bg) ; 2
f(ulgld = g(p) © fs(p’ii)tial + (1 - g(p)> © fremporal, 3)
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where p € {1,..., P}.

3.9 BNNeck and cosine classifier

Following the design principle of BNNeck [20], batch nor-
malization is applied to the fused features before the clas-
sification head. The classification head employs a cosine
classifier:

(p)

w oW

171, el

score, . = 5 -

The final embedding vector for evaluation is obtained by
averaging the BN features across all 8 parts and applying
L2 normalization:

P
_ %ZpZI féf)
P

.

3.10 Loss functions

The model is trained with a joint loss function combining
two complementary objectives:

L= /\tri . [/triplet + /\CE : ECE

Cosine-based batch-hard triplet loss.
branch uses cosine distance:

The triplet

N
Lsiplet = % ;[d;" —d; +mly, 4)
where
di = max deos(ai,p), (5)
dy = nénﬁ}r(b deos(ai, n), (6)

and deos(z,y) = 1 — m The margin is set to m =
0.2. The batch-hard mining strategy [18] selects the hardest
positive and hardest negative within each mini-batch.

Label smoothing cross-entropy loss. The classification
loss uses label smoothing [21]:

C
ECE = - Z qc Ingc

c=1

with smoothing factor ¢ = 0.1 and C' = 124 classes. The
loss weights are Ay = 1.0 and Acg = 0.5.

4 Experiments

4.1 Dataset and evaluation protocol

Dataset. All experiments are conducted on the CASIA-
B gait dataset [15], which is one of the most widely used
benchmarks for cross-view gait recognition. CASIA-B
contains gait data from 124 subjects, each recorded from
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11 viewpoints ranging from 0° to 180° with 18° intervals.
Three walking conditions are included: normal walking
(NM, 6 sequences per subject), carrying a bag (BG, 2 se-
quences), and wearing a coat (CL, 2 sequences). The gait
data is provided as binary silhouette sequences, which are
resized to 64 x 44 pixels.

Legacy protocol retained for baseline-matched com-
parison. We follow the same closed-set evaluation setup as
our previous work [1] to isolate architecture-level improve-
ments. The full 124-subject pool is retained, the gallery
uses NM#01-04 from all 11 viewpoints, and the probe set
contains NM#05-06, BG#01-02, and CL#01-02. For each
probe sample, retrieval is performed over all gallery view-
points except the same view as the probe. Under this legacy
setting, gallery and probe sequences are disjoint at evalua-
tion time, but subject identities are not separated between
training and testing. We report Rank-1 per view and cross-
view mean Rank-1.

Supplementary subject-disjoint split. To address the
generalization concern raised in review, we additionally
conduct a subject-disjoint experiment in which subjects
001-074 are used for training and subjects 075-124 are
used for testing. The gallery still uses NM#01-04, and the
probe still uses NM#05-06, BG#01-02, and CL#01-02,
with same-view matches excluded. This split is reported as
supplementary evidence and does not replace the protocol-
matched comparison above.

Protocol boundary. The legacy setting remains useful
for controlled comparison with the previously published In-
formatica baseline, but it should not by itself be interpreted
as evidence of unseen-subject generalization. The addi-
tional subject-disjoint split provides a first check of that is-
sue, yet it is still limited to a single split on CASIA-B rather
than a full open-set or multi-split evaluation. Accordingly,
the manuscript treats the main gains as within-protocol im-
provements and uses the subject-disjoint experiment as sup-
plementary context.

4.2 Implementation details

The model is implemented in PyTorch 2.5.1 and trained on
a single NVIDIA GeForce RTX 4090 D GPU. The training
configuration is summarized in Table 2.

The PK sampling strategy [18] ensures that each mini-
batch contains 8§ different identities with 4 sequences each,
providing sufficient positive and negative pairs for the
batch-hard triplet loss computation. Data augmentation in-
cludes random horizontal flipping with 50% probability and
random erasing with 30% probability (erasing area ratio
2%—15%), which simulates partial occlusion and enhances
robustness. During evaluation, no re-ranking or external
post-processing is applied beyond gallery feature averag-
ing and cosine retrieval with L2-normalized embeddings.
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Table 3: Training configuration

Parameter

Value

Input preprocessing
Training frame sampling
Test frame sampling
Random seed
Software environment
Hardware configuration
Optimizer

Initial learning rate
Weight decay

LR scheduler
Warmup

Batch composition
Effective batch size
Frames per sequence
Total epochs

Dropout rate

Gradient clipping
Mixed precision

Data augmentation
Early stopping
Evaluation interval
Best checkpoint rule

Embedding post-processing

Silhouettes resized to 64 x 44 and normalized to [0, 1]

30 randomly sampled frames per sequence

30 uniformly sampled frames per sequence

42

Python 3.10.12, PyTorch 2.5.1, CUDA 12.1

Single NVIDIA GeForce RTX 4090 D GPU (24 GB VRAM)
Adam

1x107*

5x 107"

Cosine annealing (Tmax = 500, 7min = 1 x 107°)

Linear warmup for 5 epochs

PK sampler: P=8 identities, K=4 sequences

32

30

500

0.15

max_norm = 5.0

AMP enabled

Horizontal flip (50%), Random erasing (30%)

Patience = 100 evaluations (based on NM Rank-1)

Every 10 epochs

Highest NM mean Rank-1 on the evaluation set (Epoch 369 in the current
run)

Part-wise feature averaging and L2 normalization; gallery features aver-
aged across NM#01-04 per subject-view

Total training time ~4.5 hours

4.3 Comparison with the protocol-matched
baseline

Table 3 presents the comparison between the proposed
model and our previous Informatica baseline [1] under the
same legacy protocol.

The proposed model improves all three conditions, with
the largest gain on CL (+7.38%). This pattern is consistent
with the intended role of channel recalibration and cosine-
consistent learning under appearance disturbance.

The CL improvement is important because CL was also
the weakest condition in the baseline. In practical terms,
this indicates that the proposed modifications improve ro-
bustness where silhouette distortion is strongest.

Comparison scope and fairness. In this paper, the
primary numerical comparison is made against our pre-
vious model under an identical protocol and implementa-
tion pipeline. Many public gait baselines report results
under different subject splits, preprocessing pipelines, and
training recipes. Mixing those numbers in one table as if
they were directly comparable would be misleading. We
therefore keep the main claim conservative: the proposed
changes deliver consistent gains over the protocol-matched
baseline, while Table 1 serves only as a broader contextual
reference.

Table 4 reports macro-averaged precision, recall, and F1
in addition to Rank-1, showing consistent behavior across
classification metrics.

4.4 Per-view rank-1 analysis

Table 5 presents the detailed Rank-1 accuracy for each of
the 11 viewpoints under all three conditions. The best
model checkpoint (Epoch 369) is used for this evaluation.

Three trends appear in Table 5. First, NM performance
is saturated across views (10/11 views at 100%). Second,
BG remains stable with small variation across viewpoints.
Third, CL shows the largest view sensitivity, with stronger
results at side views (90° and 108°) and lower accuracy
at 180°. This matches the intuition that clothing alters
frontal/rear silhouettes more strongly than lateral leg mo-
tion cues.

4.5 Ablation study

To evaluate the contribution of each proposed module, abla-
tion experiments are conducted by removing one module at
a time while keeping all other components unchanged. We
adopt single-module removal rather than a large combina-
torial design so that the marginal effect of each component
can be interpreted more directly. Each ablation variant is
trained for 300 epochs, and the best checkpoint is selected
based on the NM mean Rank-1 accuracy. The results are
presented in Table 6.

The ablation results reveal several important findings:

GRU temporal modeling has the largest impact. Re-
moving GRU reduces CL from 98.38% to 72.56% (-25.82),
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Table 4: Comparison with the baseline model (Rank-1 accuracy, %)

Model NM BG CL Params
BFS-CNN-GMP-GRU-MSP [1] 97.00 94.00 91.00 —
Ours 99.96 99.74 98.38  6.83M
Improvement +2.96 +5.74 +7.38 —
Table 5: Comprehensive evaluation metrics

Condition Rank-1 (%) F1-Score Precision Recall

NM 99.96 0.9996 0.9996  0.9996

BG 99.74 0.9974 0.9975  0.9974

CL 98.38 0.9833 0.9851 0.9835

indicating that temporal cues remain the dominant signal
when spatial appearance is degraded.

GMP is a key bridge to temporal modeling. Removing
GMP decreases CL by 20.81 points, suggesting that salient
per-frame channel responses are important inputs for GRU.

MSP contributes stable spatial context. Removing
MSP causes a 6.15-point drop on CL, showing that multi-
scale part-aware features still matter under covariate stress.

BFS and ECA provide complementary gains. Remov-
ing BFS and ECA lowers CL by 5.41 and 5.08 points, re-
spectively. ECA offers this gain with only 13 extra param-
eters.

Module ranking by CL impact: GRU (—25.82) >
GMP (—20.81) > MSP (—6.15) > BFS (—5.41) > ECA
(—5.08). Under NM, all variants stay above 99%, while
under CL the differences become explicit.

4.6 Supplementary subject-disjoint
evaluation

To complement the legacy protocol more directly, we ad-
ditionally run a supplementary subject-disjoint split us-
ing subjects 001-074 for training and 075-124 for test-
ing. The gallery/probe composition remains unchanged
(gallery: NM#01-04; probe: NM#05-06, BG#01-02,
CL#01-02; same-view matches excluded), and the same
optimization settings from Table 2 are retained. Because
this experiment is intended as a targeted revision check
rather than a second full ablation campaign, we report the
full model together with two representative variants: w/o
ECA and w/o BFS.

The subject-disjoint split is substantially more difficult
than the legacy closed-set protocol, especially under CL,
but the full model still maintains 97.73%, 87.98%, and
64.00% under NM, BG, and CL, respectively. The result-
ing pattern is also more nuanced than in Table 6. Removing
ECA changes NM and BG only marginally, but reduces CL
from 64.00% to 62.18%, suggesting that its main benefit
under unseen-subject testing still lies in handling clothing-
related appearance disturbance. Removing BFS leads to
a different trade-off: BG increases to 90.26%, while NM
and CL drop to 97.00% and 63.18%. Taken together, these

supplementary results do not suggest that every module im-
proves every condition uniformly; rather, they indicate that
the proposed components mainly improve the balance of ro-
bustness across covariates, with the clearest effect of ECA
appearing under CL.

4.7 Visualization analysis

t-SNE visualization. To reduce cherry-picking, the t-SNE
plot is generated from a deterministic subset: the first 15
subject IDs encountered in the evaluation set under the NM
condition. All available NM embeddings for these subjects
are projected from 256 dimensions into 2D with t-SNE [24].
The resulting clusters are compact and well separated, indi-
cating that the learned representation preserves identity in-
formation effectively in the cosine space, although t-SNE
remains a qualitative visualization tool rather than a formal
statistical test.

Grad-CAM visualization. Gradient-weighted Class
Activation Mapping (Grad-CAM) is used to inspect spa-
tial attention during inference. To keep the selection rule
deterministic, we visualize the first evaluation sequence
and sample 8 uniformly spaced frames from that sequence.
High-response regions are concentrated around the lower
limbs and torso, which is consistent with gait biomechan-
ics. This provides qualitative support that the model is us-
ing motion-relevant body regions rather than background
areas.

4.8 Training convergence analysis

The training convergence behavior is summarized from
saved checkpoints. Since evaluation is conducted every 10
epochs and model selection is based on NM mean Rank-
1, the best-so-far NM trajectory provides a direct view of
optimization stability.

As shown in Figure 10, NM performance increases
rapidly in the early phase and then enters a stable high-
accuracy regime. After epoch 169, the curve remains close
to saturation, with the best checkpoint obtained at epoch
369.
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Table 6: Per-view Rank-1 accuracy (%)
Condition 0° 18° 36° 54° 72° 90° 108° 126° 144° 162° 180°  Mean
NM 100.0 100.0 100.0 100.0 100.0 100.0 99.60 100.0 100.0 100.0 100.0 99.96
BG 99.59  99.60 99.60 99.59 100.0 100.0 100.0 100.0 99.60 99.18 100.0 99.74
CL 97.56 96.77 9798 98.79 99.60 100.0 100.0 99.60 98.38 97.14 96.37 98.38
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Figure 6: Per-view Rank-1 accuracy (%) across 11 viewpoints under three walking conditions

Ablation Study: Impact of Each Module
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Figure 7: Ablation study results: Rank-1 accuracy (%) of
the full model and five ablation variants under NM, BG,
and CL conditions.

5 Discussion

Why the gains arise. The empirical pattern is most visi-
ble under the CL condition, where the proposed model im-
proves the legacy baseline by 7.38 percentage points. This
behavior is consistent with the design motivation of the two
new additions. ECA helps suppress less informative or dis-
turbed channels after each backbone stage, which is espe-
cially useful when clothing alters the upper-body silhou-
ette. Cosine-consistent learning aligns the training objec-
tive and the retrieval metric, reducing the train—test geom-
etry mismatch present in the previous model. The supple-
mentary subject-disjoint split preserves the same qualitative
tendency, although the effect becomes more concentrated:
ECA mainly benefits CL, while the gains on NM and BG
are much smaller.

Relation to representative gait methods. The protocol-
aware summary in Table 1 shows that recent gait-
recognition models have steadily improved CASIA-B
performance through stronger spatial-temporal modeling,
larger backbones, or quality-aware processing. Our con-

Ablation Study Results
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Figure 8: Supplementary subject-disjoint comparison of the
full model, w/o ECA, and w/o BFS under NM, BG, and CL
conditions.

tribution is different in emphasis: rather than introduc-
ing a wholesale backbone replacement, we show that a
lightweight attention branch and a cosine-consistent objec-
tive can substantially strengthen a protocol-matched base-
line with only 13 additional ECA parameters. Because the
protocols differ, however, Table 1 should be read as con-
textual positioning rather than a claim of direct numerical
superiority.

Efficiency and deployment perspective. Practical
surveillance or intelligent-transportation deployments must
balance recognition quality with computational cost. From
this perspective, the most attractive property of the pro-
posed enhancement is that the attention branch adds only
13 learnable weights on top of a 6.83M-parameter net-
work, while avoiding expensive transformer-style global at-
tention. Although the present revision does not include a
hardware-normalized wall-clock benchmark across exter-
nal baselines, the negligible parameter increase and the use
of a conventional CNN—GRU pipeline preserve a realistic
deployment path on single-GPU or edge-server systems.

Protocol boundary and statistical caution. The main
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Table 7: Ablation study results (Rank-1 accuracy, %)

Model variant NM BG CL ACL
Full Model 99.96 99.74 98.38 —
w/o ECA 99.71 9886 9330 —5.08
w/o BFS 99.71 9941 92.97 —5.41
w/o MSP 99.74 98.89 9224 —6.15
w/o GMP 99.34 9731 7757 —20.81
w/o GRU 99.19 97.09 7256 —25.82

421

Table 8: Supplementary subject-disjoint evaluation on CASIA-B (Rank-1 accuracy, %). Training subjects: 001-074;

testing subjects: 075-124.

Model variant NM BG CL ACL
Full Model 97.73 87.98 64.00 —

w/o ECA 9791 8789 62.18 —1.82
w/o BFS 97.00 90.26 63.18 —0.82

t-SNE Visualization of Gait Embeddings (NM, 15 Subjects)
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Figure 9: t-SNE visualization of embedding vectors (15
subjects)

experiments deliberately retain a legacy closed-set proto-
col for controlled comparison with our previous Informat-
ica paper. This design supports the claim that the pro-
posed modifications improve that protocol-matched base-
line. In the revision, we additionally provide a supple-
mentary subject-disjoint split to give a first look at unseen-
subject behavior, but that result is still limited to one split
on CASIA-B and does not establish open-set generaliza-
tion. In addition, all gains are reported descriptively from
the current training campaign rather than as a multi-seed in-
ferential study, so they should be interpreted as strong em-
pirical margins rather than formal significance claims.
Limitations and ethical considerations. Several limi-
tations remain. First, the evaluation is confined to CASIA-
B, an indoor silhouette dataset with controlled viewpoints.
Second, silhouette-based recognition may degrade under
severe occlusion, poor segmentation, low resolution, or
highly unconstrained outdoor settings. Third, even with the

< -
- ;

Figure 10: Grad-CAM attention heatmaps on sample
frames

Table 9: Training convergence milestones (NM best-so-far
Rank-1)

Epoch  NM best-so-far Rank-1 (%)

9 34.87
49 85.02
169 99.19
369 99.96

added subject-disjoint split, the present evidence is still lim-
ited to a single benchmark and a single split, so broader
generalization claims remain premature. Beyond techni-
cal limitations, gait recognition raises privacy and misuse
concerns because it can enable remote identification with-
out active subject cooperation. Any real-world deployment
should therefore be constrained by legal compliance, pur-
pose limitation, privacy protection, and human oversight.

6 Conclusion

This work presented an enhanced cross-perspective gait
recognition model (BFS-CNN-ECA-GMP-GRU-MSP)
built on our earlier BFS-CNN-GMP-GRU-MSP frame-
work. Two changes were introduced: lightweight channel
recalibration (ECA) and cosine-consistent metric learning
across training and inference.

Under the same legacy CASIA-B protocol retained from
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Training Convergence Curve on CASIA-B
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Figure 11: Training convergence curve of the proposed
model over 500 epochs

the earlier Informatica study, the model reaches 99.96%
(NM), 99.74% (BG), and 98.38% (CL), improving the
protocol-matched baseline by +2.96, +5.74, and +7.38
points. A supplementary subject-disjoint split (001074 for
training, 075124 for testing) further yields 97.73% (NM),
87.98% (BG), and 64.00% (CL). Under this stricter setting,
ECA still shows its clearest contribution under the cloth-
ing condition, while BFS contributes a different trade-off
across NM, BG, and CL. Ablation results under the legacy
protocol also show that temporal modeling (GRU/GMP)
drives most of the gain, while ECA provides additional ro-
bustness at minimal parameter cost.

The main limitation is that, although a supplementary
subject-disjoint split is now included, the evidence is still
confined to CASIA-B and a single training/testing parti-
tion. Future work will therefore prioritize broader subject-
disjoint and open-set protocols, followed by validation
on larger outdoor benchmarks (e.g., GREW and Gait3D),
multi-seed statistical analysis, and deployment-oriented
compression or distillation. These next steps are necessary
before converting the present within-protocol gain and pre-
liminary unseen-subject evidence into a stronger general-
ization claim.
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