
SMDAF: A Scalable Sidewalk Material Data Acquisition Framework with
Bidirectional Cross-Modal Knowledge Distillation

Jiawei Liu1, Wayne Lam3, Zhigang Zhu1,3, Hao Tang1,2

1 The Graduate Center - CUNY, 2 Borough of Manhattan Community College - CUNY
3 The City College of New York - CUNY

Abstract

Ensuring safe and independent navigation poses con-
siderable difficulties for individuals who are blind or have
low vision (BLV), as it requires detailed knowledge of their
immediate environment. Our research highlights the crit-
ical need for accessible data on sidewalk materials and
objects, which is currently lacking in existing map ser-
vices. To bridge this gap, we present the Sidewalk Mate-
rial Data Acquisition Framework (SMDAF), designed for
large-scale data collection. This framework includes (1)
a lightweight data collection system embedded in a white
cane, which captures audio data through the interaction
of the cane tip with the sidewalk surface, and a mobile
app that facilitates data storage and management, result-
ing in a novel multimodal dataset comprising both image
and audio data; and (2) a unique Cross-Modal Knowl-
edge Distillation (CMKD) technique for an enhanced au-
dio material classifier. Our CMKD approach employs
an image-based model as the teacher to improve the au-
dio model, incorporating an Enhanced Bidirectional learn-
ing method with an intuitive filtering technique: Bidirec-
tional Correct Sample Filtering (BCSF). BCSF filters cor-
rect samples to prevent the distillation of incorrect knowl-
edge, addressing the issue of inaccurate cross-modal learn-
ing. This novel approach has resulted in a 1.84% improve-
ment in Macro Accuracy, achieving an overall accuracy
of 87.62%, surpassing all state-of-the-art KD and CMKD
methods. This study underscores the efficacy of SMDAF
and provides a practical CMKD technique for future cross-
modal learning tasks. Code and dataset are available
(https://github.com/FgSurewin/SMDAF-CMKD).

1. Introduction

Navigating urban environments presents significant chal-
lenges for blind and low vision (BLV) individuals. As of the
most recent data, approximately 1 million adults in the US
are classified as blind, with over 6 million Americans expe-

riencing some form of vision loss [11].
The task of navigating city streets requires BLV individ-

uals to continuously query their immediate environment for
spatial information [18]. Unlike sighted individuals who
rely on visual landmarks, BLV individuals depend heavily
on tactile and auditory cues to orient themselves and avoid
obstacles [18]. Previous research [5, 12, 40] mostly focuses
on 2D and/or 3D estimation of objects such as curbs and
ramps. Understanding of sidewalk materials, which serve
as critical tactile landmarks that help guide navigation, is
rarely studied. Variations in surface textures, such as the
difference among various sidewalk materials (e.g., concrete,
brick, etc.) and sidewalk landmarks (e.g., manhole cover,
and tactile pavement, etc.), can signal important changes
in the walking environment and aiding in orientation and
movement. Hence these variations should be considered
important urban accessibility data.

Despite the importance of detailed environmental infor-
mation for BLV individuals, current map applications such
as Google Maps [2] and Apple Maps [1] fall short in provid-
ing the necessary data to support safe and independent nav-
igation. These applications are primarily designed to offer
the shortest or fastest routes, often neglecting the accessi-
bility and safety considerations essential for BLV users. Al-
though some studies [5, 40] have proposed tools to collect
information about sidewalks using deep learning, their fo-
cus is on urban planning rather than addressing the specific
needs of BLV individuals. Government agencies also man-
age information about public facilities, including records of
tactile pavement [9]. However, this data collection is lim-
ited to certain types of infrastructure and often suffers from
significant delays in updates. Consequently, the existing in-
formation is neither comprehensive nor timely enough to be
effectively utilized for BLV navigation.

This gap in data collection raises a critical question:
how can we effectively collect large-scale sidewalk material
data? Addressing this issue helps BLV individuals navigate
the urban environment safely and independently. To bridge
this gap, we present the Sidewalk Material Data Acquisi-
tion Framework (SMDAF), a novel solution for large-scale
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street-level sidewalk material data collection (Figure 1).
Large-scale Data Collection. To ensure a large-scale

data collection approach, we develop a lightweight crowd-
sourcing data collection system integrated into a white cane,
an essential tool for BLV individuals. This system captures
audio information when the cane tip interacts with various
sidewalk materials. This allows BLV individuals to seam-
lessly collect data as they travel, making the process unob-
trusive and natural. Our approach leverages the travel pat-
terns of BLV individuals who frequently visit commercial
districts and other populated areas. This targeted data col-
lection ensures that the information gathered is relevant to
in-demand navigation scenarios for BLV individuals.

To enhance preliminary data collection, an iOS mobile
app is developed to record real-time video and GPS in-
formation, which is used to train the material classifier
and generate a city-scale accessibility map layer (Figure
1, Map in Part A). Collecting visual data requires mount-
ing or hand-holding video equipment, which poses an in-
creased risk of theft for BLV individuals [6]. In this project,
image data is used only during the initial model training
phase (Figure 1, Part B), not during the inference phase.
Hence, BLV individuals are not required to capture visual
data while traveling, making the data collection process fea-
sible and scalable to many BLV individuals. In this study,
an initial dataset is collected and used to train our audio ma-
terial classifier to identify and label sidewalk material data.
Additionally, the design of our framework naturally sup-
ports ”training in the loop”, akin to [21]. As future work,
when more and more data is collected by BLV individuals
during their travels and automatically labeled using the pro-
posed audio material classifier, the classifier can be further
enhanced through iterative training with new data. Such an
iterative approach enables scalable and sustainable crowd-
sourced data collection.

Effective Data Collection. To ensure the effectiveness
of our data collection, we develop an audio material classi-
fier that effectively distinguishes between different materi-
als with high precision.

Previous research has shown the feasibility of using Con-
volutional Neural Network (CNN)-based and Transformer-
based models, pre-trained on ImageNet, to extract audio
features [14, 19, 29, 37]. To enhance the performance of the
proposed audio material classifier, we apply Cross-Modal
Knowledge Distillation (CMKD) [15]. This technique al-
lows the transfer of visual information to the audio model,
leveraging the superior performance of image-based mod-
els. Although the modality gap [24, 38, 44] is a known
challenge, our novel approach mitigates this issue by fine-
tuning both the teacher (image model) and the student (au-
dio model) simultaneously. We introduce an Enhanced
Bidirectional CMKD approach, akin to deep mutual learn-
ing (DML) [47].

A recent study [24] reveals knowledge misalignment
and introduces an On-the-Fly Selection Distillation (OFSD)
strategy to address it by filtering misaligned samples using
the Kendall Rank Correlation Coefficient (KRC). To further
tackle this issue, we propose a filtering method called Bidi-
rectional Correct Sample Filtering (BCSF). This technique
filters correct samples from the teacher when the student
learns and vice versa, preventing the distillation of incorrect
knowledge. BCSF has proven to be a simple yet effective
method, resulting in a 1.84% improvement in macro accu-
racy and achieving an overall accuracy of 87.62%, surpass-
ing all state-of-the-art KD and CMKD methods. Through
these components, our SMDAF provides an effective so-
lution for large-scale street-level data collection on side-
walk materials, ultimately enhancing the safety and inde-
pendence of BLV individuals. Our main contributions can
be summarized as follows:

• A Novel Scalable Sidewalk Material Data Ac-
quisition Framework (SMDAF). We introduce a
lightweight data collection system to gather audio data
on various sidewalk materials, along with a mobile app
that records GPS and visual data. Utilizing SMDAF,
we generate and publish an initial multimodal side-
walk material dataset composed of both image and au-
dio data for future study by other researchers.

• Advanced Audio Material Classification with a
novel Enhanced Bidirectional CMKD approach.
We develop a specialized audio material classifier
for identifying sidewalk materials, leveraging CMKD
training techniques with Bidirectional Correct Sample
Filtering (BCSF). Our Enhanced Bidirectional CMKD
method utilizing the BCSF technique addresses the
main challenges in the orignal CMKD, namely the
modality gap and knowledge misalignment. This study
serves as a practical guideline for general CMKD
tasks.

2. Related Work
2.1. Crowdsourcing Urban Data Collection

Local and state governments often collect data on street
accessibility [4]. With ubiquitous Internet and mobile tech-
nologies, data can be collected more efficiently and eco-
nomically using crowdsourcing methods [30]. Several stud-
ies use crowdsourcing and Google Street View (GSV) to al-
low people to identify bus stops, curb ramps and storefront
accessibility data remotely [16,28,32]. Another novel setup
mounts a tri-axial accelerometer under a wheelchair seat
[39] to infer sidewalk accessibility features such as slope
and curb presence from the behavior of the wheelchair.
Analogously, we mount a microphone onto a white cane
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Figure 1. Overview of the proposed SMDAF. A) The diagram illustrates the initial data collection phase, where both sighted volunteers and
BLV individuals gather data across diverse environments. B) This comprehensive dataset serves as the foundation for training the audio
material classifier, which is enhanced by utilizing CMKD.

and collect sidewalk material data while the BLV people
walk with a white cane.

Beyond data collection, the analysis of sidewalk mate-
rial is crucial. Prior studies in the environmental research
community [13, 42] show the physical properties of side-
walks—such as material type—are crucial for accessibility.
Certain materials, such as uneven surfaces or soft materi-
als like rubber tiles, directly impact mobility for individuals
with disabilities. We build on the findings from domain ex-
perts by analyzing sidewalk landmarks, such as tactile pave-
ments, which are particularly useful for BLV people in nav-
igation.

2.2. Material Recognition and Audio Classification

Material recognition in the past usually relies on visual
cues from image data [7, 35]. One study [36] achieves re-
sults by focusing on material image datasets, contextual
influences, and unique descriptors of material appearance.
In another study, sidewalk materials are classified utilizing
street-level images from GSV [21]. In contrast, the pro-
posed framework utilizes audio data for material recogni-
tion as there have been studies illustrating the efficacy of
using object-to-surface acoustic signals for event recogni-
tion tasks [25].

In terms of audio classification in general, two primary
architectures are commonly used:

CNN Architectures. Convolutional neural network
(CNN) architectures are successful in audio classification
tasks when classifying spectrograms derived from trans-
formed raw audio data [29]. In [19], the study lever-
ages transfer learning by employing a pre-trained Resnet50
model for audio classification.

Transformer Architectures. Audio Spectrogram
Transformer (AST) and other transformer based architec-
tures have recently achieved state-of-the-art results in audio
classification tasks [8, 14]. Like the CNN model architec-
tures, transformer architectures evaluate audio data trans-

formed into spectrograms. These architectures are based
on the Data Efficient Image Transformer (DeiT) [34] ar-
chitecture, which itself is based on the Vision Transformer
(ViT) [10] architecture, while allowing variable size spec-
trograms to be evaluated [14] as opposed to a standard DeiT
model which evaluates images of a fixed size [34].

2.3. Knowledge Distillation

Knowledge distillation (KD) techniques transfer knowl-
edge from a pre-trained teacher model to a student model
by reducing the difference between the logits of the teacher
model and student model [20], the extracted features of the
models [45], or the models’ output relations of data sam-
ples [31]. This distillation is enforced by applying an addi-
tional loss, Ldist, to the total loss function, Ltotal.

Unimodal Knowledge Distillation. In traditional KD,
the teacher and student models are trained on the same
modality of data. This methodology is often employed so
that a large cumbersome teacher can transfer knowledge to
a smaller more efficient student [20].

Cross-Modal Knowledge Distillation. Another form
of KD utilizes a teacher model pre-trained on one modal-
ity in order to teach a student model in another modal-
ity [15, 44]. While it is often utilized in situations where
a higher accuracy teacher model teaches a lower accuracy
student model [15], it is also sometimes favorable to train
the models bidirectionally [24, 26, 47].

3. Sidewalk Material Data Acquisition

3.1. Design of the SMDAF

The Sidewalk Material Data Acquisition Framework
(SMDAF) is designed to facilitate the collection and con-
tinuous improvement of labeling sidewalk material data,
which can be utilized in developing future navigation ap-
plications for BLV individuals. The framework operates in
two key phases (Figure 1):
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Figure 2. A) The modified white cane for multimodal sidewalk material initial data collection. B) The categories of the data inventory. The
categories are divided into 2 sidewalk categories and 5 sidewalk landmark categories.

• Initial Data Acquisition. The initial dataset is col-
lected by both sighted volunteers and BLV individuals.
To support this process, a mobile application is devel-
oped to facilitate multimodal data collection (further
details in Section 3.3).

• Data Inventory Establishment and Audio Material
Classifier Training. The collected data is first catego-
rized into sidewalk and sidewalk landmarks, establish-
ing a robust sidewalk material data inventory (further
details in Section 3.4). A third-party annotation appli-
cation is utilized to label the data manually. Following
the establishment of the inventory, an initial dataset is
generated and used by an audio material classifier to
train using the CMKD technique. The classifier en-
ables the automated labeling of new sidewalk material
data as it is collected in the future.

3.2. Data Acquisition Equipment

The data acquisition system is designed to collect acous-
tic feedback and video data when the cane interacts with
various sidewalk surfaces using a modified white cane (Fig-
ure 2 A). While various canes are used by BLV individuals,
we select a cane obtained from the National Federation of
the Blind with a metal tip.

As a white cane interacts with different materials, dis-
tinct acoustic signals are produced by the cane tip. To cap-
ture those differences, a wired microphone is positioned
near the cane tip and clipped to a foam ring to maximize the
clarity of recorded sounds while minimizing ambient noise
and cane vibration noise.

Additionally, the white cane is equipped with a mount to
securely hold an iPhone, enabling the simultaneous record-
ing of video data. This video data, captured using an iOS
mobile app, complements the acoustic data and is particu-
larly valuable during the initial training phase of the clas-
sifier model. The combined use of audio and visual data
enhances the robustness of the dataset, facilitating more ac-
curate and comprehensive sidewalk material classification.

3.3. Mobile App for Data Acquisition

To facilitate the collection of data, an iOS mobile app
is developed. The application is designed to capture video
and audio data simultaneously, leveraging the microphone
attached to the cane for auditory feedback. Additionally,
the geo-location of the sidewalk material data is recorded
by leveraging the built-in GPS function on smartphones.

The video data recorded by the iPhone mounted on the
cane provides complementary visual information for the
corresponding sidewalk material audio data. This multi-
modal data is crucial for the initial training of the classifier
model. In addition, the visual information serves as a refer-
ence for annotations, aiding in the continuous and accurate
labeling of sidewalk materials. By integrating visual, audio,
and location data, the mobile app ensures a comprehensive
and robust dataset, essential for developing reliable naviga-
tion aids for BLV individuals.

3.4. Data Inventory and Management

To assemble the sidewalk material data inventory, a
large-scale data collection effort is initiated involving stu-
dent volunteers. The data is gathered from diverse envi-
ronmental conditions in New York City, from commercial
districts to residential neighborhoods and during medium
traffic business hours to high traffic rush hours. The data
collection is from two different modes: static and continu-
ous.

• Static data collection. 27 sighted volunteers collect a
substantial amount of sidewalk material data by swip-
ing a cane on the sidewalk surface while standing.
Each data record contains over 30 seconds of a sin-
gle sidewalk material. The mobile app allows users to
annotate the sidewalk material data in real-time.

• Continuous data collection. 6 sighted volunteers and
1 BLV individual collect sidewalk material data while
walking along longer sections of sidewalk to better em-
ulate the real-world conditions experienced by BLV
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users. In this mode, each data record includes mul-
tiple categories of sidewalk materials. The video data
collected in this manner is manually annotated.

To ensure accuracy and relevance, the collected multi-
modal sidewalk material data is divided into 7 categories
modified from the NYC Street Design Manual [3] and
through common sidewalk material encounters during data
collection. The sidewalk and sidewalk landmark categories
are illustrated in Figure 2 Part B, where 50 to 60 minutes of
data is collected for each category.

• Sidewalk. The sidewalk materials we categorize as
sidewalk are directly derived from the NYC Street De-
sign Manual [3] and categorized as concrete or brick.

• Sidewalk Landmark. The sidewalk materials that are
categorized as sidewalk landmark are commonly en-
countered materials during data acquisition that are
distinct from the sidewalk. The categories include
manhole covers, cellar doors, subway grates, dirt
patches, and tactile pavement.

4. Audio Material Classification with CMKD
4.1. Baseline Audio Material Classification Models

The identification of potential teacher and student ar-
chitectures is the initial task for training an audio material
classifier. We explore both CNN-based and Transformer-
based models, focusing specifically on DeiT models [34],
which have shown strong performance in audio classifica-
tion tasks [8, 14, 19, 29, 37]. The goal is a student model
that is computationally efficient and suitable for future de-
ployment on mobile devices. This consideration is to ensure
that the model can be used in real-world scenarios by BLV
individuals without excessive resource demands.

We evaluate several popular lightweight models to serve
as the student model for audio material classification. Table
1 presents the results of our evaluation, including the num-
ber of parameters (Params), floating-point operations per
second (FLOPS), Macro Accuracy (Macro Acc.), Macro
F1-Score (Macro F1.) and Micro Accuracy (Micro Acc.).

Model Macro Acc. Macro F1. Micro Acc. Params (M) FLOPS (M)
AST-Tiny224 [14] 85.78% 85.46% 84.95% 5.79 881.2
AST-Base224 [14] 86.17% 85.78% 85.31% 86.86 13,971.7

ResNet18 [17] 84.75% 84.39% 84% 11.18 833.5
MobileNetV3 [22] 80.93% 80.90% 80.38% 1.53 29.3

EfficientNetV2 [33] 85.62% 85.22% 85.54% 23.52 1,871.9

Table 1. Performance and computational efficiency comparison of
baseline audio material classification models.

As shown in Table 1, the models vary significantly
in terms of parameters and computational requirements.
DeiT-based models, such as AST (Audio Spectrogram
Transformer) [14], demonstrate higher performance with

a Macro Accuracy of 86.17% and a Macro F1-Score of
85.78%, but at the cost of increased computational com-
plexity. Among the CNN-based models, ResNet18 and Mo-
bileNetV3 are considered due to their relatively low com-
putational demands. ResNet18 provides a good balance
between performance and efficiency, with a Macro Accu-
racy of 84.75%, a Macro F1-Score of 84.39% and relatively
low FLOPS(833.5M), making it a strong candidate for the
student model. MobileNetV3, while the most lightweight,
shows a lower Macro Accuracy of 80.93%.

Considering the trade-offs between computational effi-
ciency and accuracy, we select ResNet18 and AST-Tiny224
as our baseline models for audio material classification.
These baseline models provide a solid benchmark for the
subsequent experiments to assess the performance gains
achieved by the proposed Enhanced Bidirectional CMKD.

Student (Audio) Teacher (Image) Macro Acc. Macro F1. Micro Acc. Change
Resnet18 [17] - 84.75% 84.39% 84% -

AST-Tiny224 [14] - 85.78% 85.46% 84.95% -
Resnet18 Resnet50 83.72% 83.46% 82.65% -1.03%

AST-Tiny224 Resnet50 84.68% 84.42% 83.82% -1.1%
AST-Tiny224 DeiT-Tiny224 85.44% 85.07% 84.64% -0.34%
AST-Tiny224 DeiT-Base224 85.49% 85.21% 84.68% -0.29%

Table 2. Performance comparison of various teacher-student archi-
tectures under knowledge distillation (KD) using KL-Divergence
loss. The ”Change” column indicates the percentage difference in
Macro Accuracy, which applies across all following tables.

4.2. Preliminary Analysis of CMKD

Traditional knowledge distillation [20], Figure 3.4(A),
is a technique where a larger, pre-trained model (teacher)
is used to improve the performance of a smaller model
(student). The goal is to transfer the knowledge learned
by the teacher to the student model, which is typically
more lightweight and suitable for deployment in resource-
constrained environments. The distillation process involves
two types of losses: hard loss and soft loss. The hard loss is
the standard classification loss calculated between the stu-
dent’s predictions and the true labels. The soft loss is cal-
culated between the teacher’s and student’s output probabil-
ities (logits) using Kullback-Leibler (KL) divergence [20].
The overall loss function is a weighted sum of these two
losses.

In the context of CMKD, the main difference is that the
teacher and student models operate on data from differ-
ent modalities. This introduces additional challenges due
to the inherent differences between modalities - modality
gap. Directly transferring knowledge across modalities can
be ineffective due to this gap. Previous studies have in-
troduced the Modality Focusing Hypothesis (MFH), which
posits that Modality-General Decisive Features (MGDF)
are crucial for successful knowledge transfer during distil-
lation [44]. However, directly identifying MGDF is imprac-
tical and alternative approaches to maximize the transfer of
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Figure 3. of CMKD. (A) CMKD with Traditional KD [20]. Traditional KD is applied where the pre-trained teacher model is frozen. (B)
Proposed Enhanced Bidirectional CMKD. Both pre-trained teacher and untrained student are tunable, leading to mutual learning from
each other through Bidirectional KD and BCSF.

useful knowledge across different modalities are necessary.
One strategy is to carefully select teacher-student architec-
tures that can bridge the modality gap effectively.

Teacher Model (Image) Macro Acc. Macro F1. Micro Acc.
Resnet50 [17] 95.28% 95.36% 95.35%

DeiT-Tiny224 [34] 95.86% 95.96% 95.89%
DeiT-Base224 [34] 95.96% 96.04% 96.02%

Table 3. Performance comparison of CNN-based and DeiT-based
teacher models for image modality.

To investigate the impact of different teacher-student ar-
chitectures on CMKD, we experiment with various combi-
nations of models using KL-divergence for unidirectional
KD loss. Table 2 shows the performance of different ar-
chitectures and the results indicate that all the student-
teacher combinations did not improve upon the baseline
models, highlighting the modality gap in CMKD, although
the teacher model (Table 3) is stronger than the student
model. Specifically, AST-Tiny224 paired with ResNet50
shows a larger decrease of 1.1% with respect to Macro Ac-
curacy. However, the combination of AST-Tiny224 with
DeiT-Base224 shows the smallest decrease in Macro Ac-
curacy at 0.29%, indicating a relatively better knowledge
transfer. This modest decrease suggests that DeiT-based ar-
chitectures may be more effective for CMKD with our data,
due to their ability to capture more generalizable features
across modalities. Despite the modality gap, these prelimi-
nary results guide our decision to adopt AST-to-DeiT struc-
tures for further experiments.

4.3. Enhanced Bidirectional CMKD

As the preliminary analysis shown above, traditional KD
methods face significant challenges in the context of cross-
modal knowledge transfer due to the disparity in the data
modalities utilized by the teacher and student models. To

address these challenges and enhance the performance of
CMKD, we propose an Enhanced Bidirectional CMKD ap-
proach. This approach consists of two main modules: Bidi-
rectional KD and Bidirectional Correct Sample Filtering
(BCSF), Figure 3.4 Part B.

4.3.1 Bidirectional KD

Cross-modal KD presents challenges because the teacher
and student models learn from different modalities, leading
them to rely on distinct feature representations for classi-
fication. In order to alleviate this issue, bidirectional KD
is employed, allowing both models to adjust to each other,
enhancing mutual learning [24,26,47]. The concept of bidi-
rectional KD stems from deep mutual learning (DML) [47],
where both the teacher and student models learn collabora-
tively through a composite distillation loss Ldist consisting
of two soft losses:

Ldist = τ2D(fs, ft) + τ2D(ft, fs) (1)

where fs and ft are student logits and teacher logits re-
spectively, D is selected distillation technique (e.g. KL-
divergence), and τ is the settable temperature hyperparam-
eter and squared as suggested by [20]. Pioneering work
like SHAKE demonstrates the feasibility of this approach
by using a proxy teacher to learn from the student [26].
The advantage of the proxy teacher structure is lightweight
and less computationally expensive compared to the origi-
nal teacher, but in our case, it doesn’t quite reflect the same
performance as the original teacher (Table 5). In this study,
we employ bidirectional KD between a pre-trained teacher
and an untrained student model. During training, the stu-
dent is initialized from scratch and learns from the pre-
trained teacher, while the teacher model is simultaneously
fine-tuned to adapt to the student’s modality (Figure 3.4,
Part B).
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4.3.2 Bidirectional Correct Sample Filtering

Bidirectional KD alone is insufficient to address the chal-
lenges in CMKD. One significant problem is knowledge
misalignment, where the knowledge learned by the teacher
does not align well with the student’s learning needs.
Hence, a practical approach for filtering non-distillable
samples is demanded. In this context, several forms of fil-
tering in determining whether distillation soft loss should
be applied to an individual data sample [24,43]. The SOTA
CMKD method, C2KD [24], addresses this issue by intro-
ducing On-the-Fly Selection Distillation (OFSD) utilizing
the Kendall Rank Correlation (KRC) [24] for filtering.

Formulation of Bidirectional Correct Sample Filter-
ing (BCSF). While OFSD and similar methods focus on
filtering based on logit alignment, we propose filtering out
samples based on the condition of correctness. During
BCSF, distillation loss from teacher-to-student is only ap-
plied when the teacher is correct in classification and distil-
lation loss from student-to-teacher is only applied when the
student is correct in classification:

ηm =

{
1 if ŷm = y

0 otherwise
for m ∈ {t, s} (2)

In Equation 2, the filter ηt is applied to teacher-to-student
soft loss and the filter ηs is applied to student-to-teacher
soft loss; ŷt being the teacher prediction, ŷs being the stu-
dent prediction, and y being the ground-truth label. Derived
from Equation 1, the resultant distillation loss is:

Ldist = ηtτ
2D(fs, ft) + ηsτ

2D(ft, fs) (3)

The total loss, Ltotal, is the sum of the cross-entropy
hard loss, LCE , and distillation loss Ldist.

Ltotal = αLCE + βLdist (4)

where, α and β are settable hyperparamters. We set α, β as
1 and temperature, τ , as 2 following C2KD [24].

Enhanced Bidirectional CMKD is more efficient than the
SOTA C2KD method due to the use of BCSF as a filtering
method, which operates in constant time by filtering only
correct samples. This makes the method computationally
more efficient compared to KRC-based filtering in C2KD.

5. Experiments
5.1. Dataset

The dataset we select contains 7 of the most collected
classes from the data inventory: concrete, tactile pavement,
subway grate, manholes, bricks, dirt, and cellar doors.
Each class contains nearly 60 minutes of data, ensuring a
robust foundation to train on. Additionally, the dataset is
split such that entire recorded data segments are placed in

either the training set (81%) or the validation/test set (19%),
preventing data pollution.

5.2. Implementation Details

Data Pre-Processing. Akin to [27], both modalities of
data are sliced into 1-second duration clips utilizing a slid-
ing window technique advancing the start of each 1-second
long clip 0.5 seconds ahead of the previous slice. The audio
clips are then transformed into Mel-Spectrograms as sug-
gested by [29] while an image is extracted from the center
frame of the 1-second video clip.

Models Implementation. We select AST-Tiny224 for
the audio student model and DeiT-Base224 for the im-
age teacher model, considering the highest macro accuracy
among the models tested. For the AST model, we follow the
implementation details provided in the original paper [14],
while the DeiT-based models are implemented using the
timm library [41].

Training Configurations. All models are trained on
Nvidia 4090 GTX. We apply the same training strategy uti-
lizing the Adam optimizer with a learning rate of 0.0001, a
learning scheduler of ReduceLROnPlateau with patience set
at 5 epochs, and early stop with patience set at 20 epochs.

5.3. Result

Investigate Performance of Advanced KD Methods.
To further investigate the performance of advanced KD
techniques in a cross-modal setting, we evaluate several
KD loss functions. The results, shown in Table 4, indicate
that not all advanced KD methods are effective in cross-
modal situations. Many of these methods are originally
designed for same-modality scenarios, where the teacher
and student models perceive similar types of data. Even in
cases involving multimodal data, such as depth and RGB
images, the modalities are still relatively similar. Sur-
prisingly, Relational Knowledge Distillation (RKD) [31]
demonstrated impressive results, outperforming other ad-
vanced KD methods. However, our proposed Enhanced
Bidirectional CMKD method strongly outperforms these
advanced KD methods.

KD Loss Macro Acc. Macro F1. Micro Acc. Change
w/o 85.78% 85.46% 84.95% -
KL 85.49% 85.21% 84.68% -0.29%

NKD [46] 85.43% 85.15% 84.68% -0.35%
RKD [31] 86.27% 86.07% 85.54% 0.49%
DIST [23] 85.75% 85.33% 84.95% -0.03%

Ours 87.62% 87.47% 87.08% 1.84%

Table 4. Performance of various advanced KD-Loss with the ar-
chitecture of DeiT-Base224-to-AST-Tiny224. The proposed En-
hanced Bidirectional CMKD (Ours) demonstrates the highest im-
provement.

Comparison with Other Bidirectional KD Methods.
We compare our Enhanced Bidirectional CMKD method
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with other SOTA bidirectional KD methods, including
SHAKE and C2KD, as shown in Table 5. C2KD primar-
ily focuses on CNN-based models and describes the use of
proxy teacher and student structures only within CNN ar-
chitectures. Therefore, we compare the change rate to eval-
uate the effectiveness of our approach. We apply our BCSF
filtering method to C2KD (denoted as C2KD*) and observe
better performance, demonstrating the robustness of BCSF.

Our proposed Enhanced Bidirectional CMKD method
significantly outperforms these approaches. With the
AST-Tiny224 student and DeiT-Base224 teacher, our
method achieves a Macro Accuracy of 87.62%, which is
an improvement of 1.84% over the AST-Tiny224 base-
line. Even with the smaller DeiT-Tiny224 teacher, our
method (denoted as Ours†) achieves a Macro Accuracy of
86.74%, representing a 0.96% improvement. These re-
sults clearly demonstrate that our Enhanced Bidirectional
CMKD method effectively addresses the challenges of
cross-modal knowledge distillation and significantly im-
proves performance in comparison to SOTA methods.

KD Loss Baseline Macro Acc. Macro F1. Micro Acc. Change
w/o △ 84.75% 84.39% 84% -
w/o □ 85.78% 85.46% 84.95% -

SHAKE [26] △ 81.55% 81.26% 80.61% -3.20%
C2KD [24] △ 85.54% 85.17% 84.73% 0.79%

C2KD* △ 85.58% 85.18% 84.73% 0.83%
Ours □ 87.62% 87.47% 87.08% 1.84%
Ours† □ 86.74% 86.43% 85.95% 0.96%

Table 5. Performance comparison of SOTA bidirectional KD
methods. ”Baseline” indicates which baseline to compare against,
where △ represents ResNet18 and □ represents AST-Tiny224.
”C2KD*” denotes C2KD with BCSF filtering. ”Ours” refers to
AST-Tiny224 student and DeiT-Base224 teacher, and ”Ours†”
refers to AST-Tiny224 student and DeiT-Tiny224 teacher, both
trained using the proposed Enhanced Bidirectional CMKD.

5.4. Ablation Study

To further understand the contributions of each com-
ponent in our Enhanced Bidirectional CMKD method, we
conduct an ablation study (Table 6). We analyze the impact
of Correct Sample Filtering (CSF) with unidirectional KD
(teacher to student), Bidirectional KD alone and proposed
Enhanced Bidirectional CMKD method utilizing Bidirec-
tional KD and BCSF on the student-teacher architecture as
AST-Tiny224-to-DeiT-Tiny224.

CSF + KD Bidirectional KD BCSF Macro Acc. Macro F1. Micro Acc. Change
85.78% 85.46% 84.95% -

✓ 85.76% 85.45% 84.92% -0.02%
✓ 85.99% 85.68% 85.18% 0.21%
✓ ✓ 86.74% 86.43% 85.95% 0.96%

Table 6. Ablation study on each module with the architecture of
DeiT-Tiny224 teacher and AST-Tiny224 student.

As we can see from the table, applying bidirectional KD
increases the Macro Accuracy to 85.99%, which is a 0.21%

improvement. This indicates that allowing the teacher to
learn from the student in a bidirectional manner contributes
positively to the model’s performance. However, incorpo-
rating CSF alone with unidirectional KD, resulted in a slight
decrease. These results underscore the importance of us-
ing both bidirectional KD and BCSF, which increases the
Macro Accuracy to 86.74% with 0.96% improvement.

5.5. Intuitive Justification

To intuitively explain why unidirectional KD with CSF
fails to improve performance, consider the analogy of a ten-
nis coach (image modality) teaching a soccer player (audio
modality). While the coach filters out irrelevant techniques
using CSF, the remaining guidance is still tailored to ten-
nis, making it difficult for the soccer player to apply effec-
tively. Without feedback from the soccer player, the coach-
ing doesn’t fully translate to soccer skills. However, with
Bidirectional KD, the soccer player (student) can inform the
coach (teacher), allowing the coach to adjust their instruc-
tions to better fit the context of soccer. In our model, Bidi-
rectional KD enables this mutual refinement: the teacher
model adapts its guidance based on the student’s feedback,
and vice versa. The inclusion of BCSF ensures both models
learn the correct knowledge from each other, addressing the
knowledge misalignment problem and ultimately boosting
performance.

6. Conclusion

In this paper, we present the Sidewalk Material Data Ac-
quisition Framework (SMDAF) to collect large-scale side-
walk material data, which is an important landmark for
BLV individuals in urban navigation. We propose an En-
hanced Bidirectional Cross-Modal Knowledge Distillation
(CMKD) method, incorporating Bidirectional Correct Sam-
ple Filtering (BCSF) to improve the performance of au-
dio material classifier in SMDAF. Our extensive experi-
ments demonstrate that our method significantly outper-
forms SOTA, achieving higher accuracy and robustness in
cross-modal knowledge transfer.

Future work will focus on refining the data acquisi-
tion process and improving model performance through ad-
vanced CMKD techniques using training in the loop. Ad-
ditionally, a BLV user study will be conducted to determine
an acceptable accuracy for BLV individuals with respect to
sidewalk landmark identification.
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