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Abstract

To extract spatial information, depth estimation using con-
ventional echo-based methods typically employs models with
encoder-decoder architectures, such as UNet. However, these
methods may face challenges in extracting fine details from
echo waveforms and handling multi-scale feature extraction
with high precision. To address these challenges, we intro-
duce EchoDiffusion, a framework that incorporates diffu-
sion models conditioned on waveform embeddings for echo-
based depth estimation. This framework employs the Multi-
Scale Adaptive Latent Feature Network (MALF-Net) to ex-
tract multi-scale spatial features and perform adaptive fusion,
encoding the echo spectrograms into the latent space. Addi-
tionally, we propose the Echo Waveform Detail Embedder
(EWDE), which leverages a pre-trained Wav2Vec model to
extract detailed spatial information from echo waveforms, us-
ing these details as conditional inputs to guide the reverse
diffusion process in the latent space. By embedding the echo
waveforms into the reverse diffusion process, we can more
accurately guide the generation of depth maps. Our exten-
sive evaluations on the Replica and Matterport3D datasets
demonstrate that EchoDiffusion establishes new benchmarks
for state-of-the-art performance in echo-based depth estima-
tion.

Code — https://github.com/wjzhang-ai/EchoDiffusion

Introduction

Depth estimation has become a critical task in computer vi-
sion, enabling applications such as autonomous driving (Hu
et al. 2024; Zheng et al. 2024), attitude estimation (Ren
et al. 2023; Kawai et al. 2023), and 3D object detection
(Li et al. 2023). However, depth estimation faces challenges
across various environments, prompting research into mul-
tiple modalities. Conventional methods, including image-
based techniques (Zhang et al. 2023; Wang et al. 2024),
infrared sensors (Shimada et al. 2022), and LiDAR (Shao
et al. 2023; Singh et al. 2023), each offer distinct advantages.
Image-based methods excel at capturing detailed informa-
tion in well-lit conditions. LiDAR provides high-resolution
3D data, while infrared sensors are effective for detecting
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Figure 1: Previous Framework v.s. Our Framework. The
conventional training model uses echo spectrograms as in-
put, extracts features through an encoder, and then directly
predicts depth information via a decoder. In contrast, our ap-
proach incorporates the echo waveforms as an additional in-
put to guide the diffusion process of the echo spectrograms,
with the depth map being generated by a regressor.

depth information at close range. Echo-based approaches,
inspired by echolocation (Senocak et al. 2019), offer an al-
ternative by emitting sound waves and analyzing their reflec-
tions to infer depth. Echo-based methods receive the trans-
mitted sound signals through the air medium to perceive
spatial information, are not affected by light, and provide a
relatively wide field of view. Given these advantages, many
studies focus on using echoes for depth estimation.

To capture spatial features from echo spectrograms, re-
search on echo-based depth estimation often employs UNet-
like architectures. The UNet architecture effectively lever-
ages its encoder-decoder structure to extract relevant con-
textual features from the echo spectrograms and accurately
reconstruct depth maps. In Christensen et al. (2020), the au-
thors used the UNet network to perform depth estimation
from echo spectrograms and initially explored the possibil-
ity of direct depth estimation using echo waveforms. Va-
sudevan et al. (2020) utilized a modified UNet architecture
without skip connections, applying Atrous Spatial Pyramid
Pooling (ASPP) (Chen et al. 2017) during the encoder phase
to extract and fuse multi-scale information from echo spec-
trograms. Irie, Shibata et al. (2022) introduced a co-attentive
model that uses echo spectrograms and angular spectra as in-



puts, with fusion occurring at the encoding stage to capture
more detail for depth map prediction. Parida et al. (2021)
adapted the encoder structure in their Echo-Net to better ac-
commodate the time-frequency distribution of echo spectro-
grams. Additionally, Brunetto et al. (2023) utilized a deeper
UNet architecture to capture richer multi-scale information.
Although previous studies have made significant progress,
depth estimation based on echo still has considerable room
for improvement due to inherent limitations in resolution.

To further improve the performance of echo-based depth
estimation, we draw upon the strengths of diffusion models,
which have demonstrated remarkable capabilities in model-
ing complex data distributions. As researched by Ho, Jain
et al. (2020), diffusion models excel at generating high-
fidelity outputs with rich detail preservation. They have been
successfully applied to monocular depth estimation (Duan,
Guo et al. 2023; Ke et al. 2024; Patni, Agarwal et al. 2024),
utilizing sophisticated feature extraction mechanisms to cap-
ture intricate spatial details and iteratively refine depth in-
formation through denoising processes. In traditional depth
estimation, an image is a two-dimensional projection where
each pixel directly corresponds to a spatial position in the
scene. This allows for straight forward application of dif-
fusion models. However, echo spectrograms represent echo
waveforms in the time-frequency domain and lack direct
spatial correspondence, which complicates direct diffusion.
Therefore, developing specialized diffusion models tailored
for echo-based depth estimation is essential.

In this study, we propose a novel diffusion model frame-
work for echo-based depth estimation, as illustrated in Fig-
ure 1, which utilizes both echo spectrograms and echo wave-
forms as inputs. To effectively extract and encode spatial in-
formation from echo spectrograms into a latent space suit-
able for diffusion processes, we propose the Multi-Scale
Adaptive Latent Feature Network (MALF-Net). This net-
work combines Atrous Spatial Pyramid Pooling (ASPP) and
Adaptive Spatial Feature Fusion (ASFF) (Liu et al. 2019) to
capture multi-scale spatial features within the echo spectro-
grams. By leveraging ASPP, MALF-Net is able to extract
features at various scales, while ASFF enables the adaptive
fusion of these features to create more comprehensive latent
space. This final latent space is subsequently employed as
the initial condition for the forward diffusion process in the
diffusion model.

While MALF-Net improves the forward diffusion process
by extracting multi-scale spatial features from echo spec-
trograms, spectrograms alone may miss fine-grained tem-
poral details crucial for accurate depth estimation. To ad-
dress this, we introduce the Echo Waveform Detail Embed-
der (EWDE) to process echo waveforms. EWDE utilizes the
Wav2Vec model (Baevski et al. 2020) to extract rich, high-
resolution features from echoes, capturing the complex char-
acteristics of the original echo signals. These features are
utilized to generate conditional embeddings through Proba-
bility Embedder and an Embed Adapter. These embeddings
retain fine-grained information that traditional preprocess-
ing methods may overlook and are subsequently integrated
with the latent features in the spectrogram. During the re-
verse diffusion process, the conditional embedding obtained
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from the EWDE module is utilized to guide the denoising
steps.
Our main contributions can be summarized as:

* This study introduces EchoDiffusion, a novel framework
utilizing diffusion models for echo-based depth estima-
tion. EchoDiffusion employs MALF-Net to generate the
latent space that serves as the initial condition for the for-
ward diffusion process and uses EWDE to capture wave-
form details that guide noise removal during reverse dif-
fusion. This approach enables the generation of a more
accurate depth map. Our method achieves state-of-the-art
performance, surpassing existing approaches on bench-
mark datasets Replica and Matterport3D.

We propose MALF-Net, a novel architecture for latent
feature extraction from echo spectrograms. MALF-Net
captures multi-scale spatial information and adaptively
fuses features across multiple scales, thereby enhancing
the quality of the latent space and improving the forward
diffusion process in depth estimation.

To leverage the fine-grained temporal details of the echo
waveforms and guide noise removal process of reverse
diffusion, we propose EWDE. This module extracts con-
ditional embeddings from echo waveforms, providing
critical temporal information that refines the latent spec-
trogram features and enhances depth map generation.

Related Work
Diffusion for Monocular Depth Estimation

Recent research has explored various methodologies that
leverage diffusion models for monocular depth estimation
(Ji et al. 2023; Duan, Guo et al. 2023; Patni, Agarwal et al.
2024; Ke et al. 2024). DiffusionDepth (Duan, Guo et al.
2023) reinterprets monocular depth estimation as a denois-
ing diffusion process, where an initial random depth distri-
bution is progressively refined into an accurate depth map
based on a single image input. ECoDepth (Patni, Agar-
wal et al. 2024) enhances the precision and detail of depth
estimates by integrating diffusion models with sophisti-
cated conditioning strategies, utilizing depth priors and im-
age features as conditions within the diffusion process. Ke
et al. (2024) present an innovative approach that repurposes
pre-trained diffusion-based image generators for monocular
depth estimation, adapting the generative process to produce
depth maps by capitalizing on the models’ inherent spatial
understanding. In summary, advances in diffusion models
demonstrate their effectiveness in depth estimation. These
models show the ability to transform noisy data into accu-
rate representations by utilizing additional contextual infor-
mation.

Echo-based Depth Estimation

There has been substantial work on echo depth estimation,
as evidenced by studies such as (Christensen et al. 2020;
Vasudevan et al. 2020; Irie, Shibata et al. 2022). Early re-
search in this area can be traced back to (Christensen et al.
2020), which employed an encoder-decoder architecture.
This study utilized echo spectrograms as input to a UNet
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Figure 2: An overview of our proposed model. The MALF-Net generates a latent space of the echo spectrograms I, which
is derived from the echo waveforms w using the STFT. Simultaneously, the EWDE module extracts conditional embeddings
directly from the waveforms. These conditional embeddings guide the reverse diffusion of the latent space through the diffusion
backbone, achieving conditional diffusion. The resulting feature maps are then combined into a concatenated feature map, which
is subsequently processed by the depth regressor to produce the final depth map.

network for depth estimation and explored the potential of
directly predicting depth maps from echo waveforms. Va-
sudevan et al. (2020) integrated ASPP into the final layer
of the encoder to facilitate multi-scale feature extraction.
Their experiments demonstrated that ASPP significantly en-
hances the capture of relevant echo features, leading to an
improvement in the model’s depth estimation performance.
Additionally, Irie, Shibata et al. (2022) showcased the ef-
fectiveness of multiple input fusion for depth estimation by
combining the angle spectrum and spectrogram within a
co-attention-guided model. However, despite these advance-
ments, prior research has not fully exploited the fine-grained
temporal details inherent in echo waveforms.

Method
Overview

The main framework of the proposed EchoDiffusion archi-
tecture is illustrated in Figure 2. Our model comprises four
main components: MALF-Net generates a latent space rep-
resentation of the echo spectrograms for the forward dif-
fusion process. Concurrently, the EWDE module extracts
conditional embeddings from the echo waveforms. During
the reverse diffusion process, the diffusion backbone utilizes
these conditional embeddings to guide the denoising of the
noisy latent space. Finally, a depth regressor processes the
refined feature map to produce the final depth map.

Within MALF-Net, during the downsampling phase, we
utilize ASPP to capture features at various spatial scales
from the echo spectrograms. ASPP employs atrous convo-
lutions of various sizes to extract features across different
scales. Following this features extracted at different levels of
the network are adaptively fused using multiple ASFF mod-
ules, maximizing the utilization of multi-scale feature infor-
mation. The features derived from the three ASFF modules
are then integrated to achieve encoding into the latent space.

To generate conditional embeddings, we utilize the
EWDE module. These embeddings guide the reverse diffu-
sion process within the latent space. Echo waveform features
are first extracted using the Wav2Vec model, with their di-
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mensionality reduced from 768 to 100 through downsam-
pling and a linear activation function. The resulting features
are then multiplied by the conditional embedding matrix to
produce conditional probabilities that direct the reverse dif-
fusion process.

We adopt the latent diffusion framework and utilize the
UNet diffusion backbone, as implemented in Stable Diffu-
sion (Rombach et al. 2022), to execute the diffusion process.
The UNet backbone generates four feature maps, which are
aggregated using a depth regressor to generate a feature map
of dimensions 64 X Z x —-. Subsequently, the predicted
depth map y is generated us1ng the UpSample Decoder and
Depth Output Layer.

Multi-Scale Adaptive Latent Feature Network

Encoding the input into a latent space is a crucial step in
diffusion models, as it reduces the dimensionality of the in-
put and facilitates subsequent diffusion and reconstruction
processes. After encoding into the latent space, the integra-
tion of waveform embeddings can guide the model toward
generating a more accurate and comprehensive depth map.
However, unlike images, the pixels in echo spectrograms do
not directly correspond to depth information. Instead, spa-
tial information is inferred indirectly through the analysis
of frequency components over time. To effectively utilize
these characteristics, we propose the MALF-Net, a network
specifically designed for multi-scale feature extraction and
adaptive fusion. This design enables the MALF-Net to fully
leverage spatial information at different scales, resulting in
a higher-quality latent space representation.

As shown in Figure 3, the network begins with the input
spectrograms I, which are extracted from the echo wave-
forms using the Short-Time Fourier Transform (STFT). The
spectrograms are then processed by the Downsample and
ASPP (DA) Modules, which performs downsampling to re-
duce spatial dimensions and increase the receptive field. The
DA Module first applies max pooling to efficiently down-
sample the input, preserving essential features while re-
ducing computational complexity. Following the downsam-
pling, the module utilizes two DoubleConv layers to further
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Figure 3: The detailed structure of the MALF-Net. The echo spectrograms are passed as input through a series of ASPP
and ASFF modules to perform multi-scale feature extraction and adaptive fusion, respectively. We employ DA modules for
downsampling and to enhance multi-scale feature extraction by appending an ASPP module to the end of each DA module. The
last three feature maps X!, X2, X3 generated by the DA modules are fed into three ASFF modules. Each ASFF module operates
on feature maps of corresponding scales, performing adaptive feature fusion. The resulting fused feature maps Y'*, Y2, Y3 from
the three ASFF modules are then upsampled and concatenated to generate the final latent space Z.

extract spatial information from the spectrogram. These lay-
ers apply convolution followed by the ReLU activation func-
tion, introducing non-linearity and enhancing the model’s
ability to capture complex patterns in the data. Moreover, the
final layer of the DA Module incorporates an ASPP module,
employing four dilated convolutions with varying dilation
rates to extract multi-scale features from the feature maps.
We use four DA Modules to generate the corresponding four
feature maps X%, i € {0,1,2,3}, and use the last three fea-
ture maps as input for the subsequent ASFF modules.

To effectively combine the multi-scale spatial features ex-
tracted by the ASPP, we utilize the ASFF module for adap-
tive fusion. The ASPP first extracts feature maps at various
scales, capturing different levels of spatial information. The
ASFF module then takes these multi-scale feature maps and
applies an adaptive attention mechanism to weigh and fuse
them. Specifically, ASFF achieves this by adaptively learn-
ing fusion spatial weights for each scale feature map through
identity scaling and adaptive fusion. For example, in ASFF-
3, the process involves max pooling and a 3 x 3 convolution
on the X! feature map to obtain X' 73, as well asa 3 x 3
convolution on the X? feature map to obtain X273, ensur-
ing consistency in size across the three feature maps by,

Y3 — X1—>3 . O[3 +X2—>3 . ﬁS +X3_>3 .,73 (1)

where a, (3, and y represent the weight parameters obtained
from X°, X!, and X2 through a 1 x 1 convolution.
Subsequently, adaptive fusion is applied, where softmax
is utilized to weigh, sum, and normalize the adjusted feature
maps, resulting in the final fused feature map Y3. This nor-
malization ensures that the weighted parameters fall within
the range of [0, 1] and sum to 1, thereby enabling dynamic
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adjustment of feature importance across spatial locations.

By utilizing three ASFF models, we obtain fused feature
maps Y!, Y2, and Y3 sourced from three different sizes of
the initial feature maps. These fused feature maps are then
upsampled, concatenated, and combined to yield the final
encoded feature map Z in the latent space by,

Z=((>»aov) ov! 2)
where, 1 represents UpSample and & represents concate-
nation. This final step in MALF-Net effectively combines

the multi-scale features into a single, comprehensive latent
space Z.

Echo Waveform Detail Embedder

To obtain the fine-grained temporal details from echo wave-
forms and enhance the guidance provided to the conditional
diffusion model during reverse diffusion, we utilize the pre-
trained Wav2Vec model (Baevski et al. 2020) to extract
features from echo signals. Originally designed for speech
recognition tasks, Wav2Vec is adept at capturing subtle echo
features. By leveraging this model, we aim to harness its fea-
ture extraction capabilities for the specific context of echo-
based depth estimation. We take the pre-trained Wav2Vec
model and freeze the parameters of its feature extractor dur-
ing model training to acquire the output of its last hidden
layer, resulting in a vector of 768 dimensions.

In the EWDE module, as shown in Figure 4, the proba-
bilistic embedder processes the output of Wav2Vec, reduc-
ing the dimensionality and conditioning the features to align
with the embedding space requirements. This process in-
cludes average pooling and two linear transformations, inter-
spersed with GELU (Gaussian Error Linear Unit) activations
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Figure 4: The detailed structure of the EWDE module. The EWDE module uses echo waveforms to create conditional embed-
dings that guide the reverse diffusion process. It starts with the Wav2Vec model to extract detailed echo features from the input
waveforms, resulting in a 768-dimensional vector. These features are then reduced to 100 dimensions through a linear trans-
formation. A probabilistic embedder is used to create probabilistic embeddings, which are then combined with the embedding
matrix. The final output is refined by the embedding adapter to produce the ultimate conditional embeddings.

and a final softmax layer. The Probabilistic Embedder com-
presses the Wav2Vec output from 768 to 100 dimensions,
creating a learnable embedding matrix that seamlessly inte-
grates with the conditional embedding matrix.

The Embed Adapter is responsible for refining the
Wav2Vec-extracted features to make them suitable for guid-
ing the diffusion process. The core of the Embed Adapter
consists of two sequential linear layers, each with an input
and output dimension of 768. The first layer applies a linear
transformation to the input features, followed by a GELU
activation function, which introduces non-linearity and en-
hances the expressive capacity of the model. The output is
then passed through another linear layer, maintaining the
same dimensionality. Upon obtaining the transformed fea-
tures from the fully connected layers, the module refines
these features using a learnable parameter Vector e, which
is initialized to a small value (1e-4) and shares the same di-
mensionality as the feature vector. This parameter allows
the model to fine-tune the scaling of the features during
training. This parameter vector modulates the importance of
individual elements in the transformed features. The trans-
formed features are scaled by Vector € and then added back
to the original input features, effectively enhancing the fea-
ture space with relevant details captured during the transfor-
mation process.

Depth Regressor

We employ the UNet diffusion backbone to extract four fea-
ture maps at different hierarchical levels. These feature maps
are subsequently concatenated to facilitate feature fusion,
resulting in a combined feature map with dimensions of
352 x 8 x 8. The upsampling decoder, consisting of a series
of transposed convolutional layers, is then utilized to pro-
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gressively restore the spatial resolution of the feature map.
Finally, the depth output layer, composed of two convolu-
tional layers with 3 x 3 kernels, is applied to further refine
the output and generate the final depth map.

Experiments
Datasets

We conduct experiments using the Replica (Straub et al.
2019) and Matterport3D (Chang et al. 2017) datasets. These
datasets are widely utilized in echo depth estimation re-
search due to their rich variety of scenes and diverse data.
Studies such as (Parida et al. 2021; Irie, Shibata et al. 2022;
Brunetto et al. 2023) have employed these datasets to evalu-
ate model performance.

The Replica dataset comprises 18 scenes, including ho-
tels, offices, and various room types. For training, 15 scenes
with 5,496 instances are utilized, while 3 scenes contain-
ing 1,464 instances are reserved for testing. The Matter-
port3D dataset contains more scenes, consisting of a total of
90 scenes, including apartments, meeting rooms, shops, and
more. Of these, 59 scenes (comprising 40,176 instances) are
used for training, 10 scenes (comprising 13,592 instances)
for validation, and 8 scenes (comprising 13,602 instances)
for testing.

Parameter Setting

The EchoDiffusion model was implemented using PyTorch
and trained on an NVIDIA GeForce RTX 4090 D. Train-
ing times per epoch varied depending on the dataset: ap-
proximately 80 seconds for the Replica dataset and around
400 seconds for the Matterport3D dataset. The training pro-
cess spanned 150 epochs for each dataset. A learning rate
of 0.0001 was employed, coupled with an L2 regularization



Dataset | Method | RMSE| REL| logl0] | 6 <1.25¢ §<1.25%1 4 <1.25%1
Echo-Net 0.995  0.638 0.208 0.338 0.599 0.742
Replica Co-attention 0.921  0.560 0.203 0.419 0.636 0.763
Bat-Net 0.956  0.622  0.206 0.448 0.636 0.750
EchoDiffusion (Ours) | 0.913  0.604  0.194 0.515 0.668 0.764
Echo-Net 1778 0569 0.192 0.464 0.642 0.759
Matterport3D Bat-Net 1752 0.583  0.201 0.422 0.633 0.755
EchoDiffusion (Ours) | 1.702  0.512  0.187 0.481 0.659 0.770

Table 1: Experimental results on the Replica and Matterport3D datasets.

coefficient of 0.0005 (Paszke et al. 2019). The AdamW op-
timizer (Paszke et al. 2019) was utilized for optimization,
with a batch size set to 32.

Evaluation Metrics

Following earlier works in echo-based depth estimation
(Parida et al. 2021; Irie, Shibata et al. 2022; Brunetto et al.
2023), we evaluate the performance of the proposed method
based on root mean squared error (RMSE), mean relative
error (REL), mean logl0 error, and the threshold accuracy
(6 < 1.25,0 < 1.25%, 8 < 1.25%).

Experimental Results

To accurately assess the predictive capabilities of the
EchoDiffusion model, we evaluated its performance us-
ing both Replica and Matterport3D datasets and com-
pared it with leading echo depth prediction models Bat-Net
(Brunetto et al. 2023) and Echo-Net (Parida et al. 2021).
Since the co-attention model (Irie, Shibata et al. 2022) only
published test results on the Replica and did not publish
the code, we limited our comparison to that dataset. Eco-
Net, a multimodal depth estimation model, was tested for
single echo depth estimation by setting the image input to
zero, following the approach used in (Irie, Shibata et al.
2022; Brunetto et al. 2023). Bat-Net and the co-attention
model are single-mode echo depth estimation models. The
experimental results Table 1 shows that the EchoDiffusion
model outperforms Echo-Net, Co-attention, and Bat-Net on
the Replica and Matterport3D datasets, demonstrating its su-
perior robustness and accuracy across most metrics.

On the Replica dataset, as shown in Table 1, the EchoDif-
fusion model shows slightly lower performance in the REL
metric but outperforms other models across all other metrics.
Notably, our model shows significant improvement in the
three threshold error indicators, with an approximate 8% en-
hancement over the previously best-performing Co-attention
model. The performance on the Matterport3D dataset is sim-
ilarly commendable. Despite a slight decrease in the REL
metric, the overall results remain largely consistent with
those observed on the Replica dataset, with even more pro-
nounced improvements in threshold accuracy. This under-
scores the EchoDiffusion model’s superior ability to effi-
ciently capture fine details.

Figure 5 demonstrates how our model effectively cap-
tures fine-grained object details and preserves overall depth
cues. In the first row, EchoDiffusion accurately outlines pot-
ted plants and refrigerators, clearly depicting their spatial
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Bat-Net

Echo-Net

Figure 5: Qualitative results on the Replica and Matter-
port3D datasets. Among these images, the first three are
from the Replica dataset. The first and second depict living
room scenes from long and close views, respectively. The
third image shows a bedroom scene under low-light condi-
tions. The fourth image represents a hotel scene from the
Matterport3D dataset.

arrangement. In the second row, we show the corner in-
formation from the refrigerator to the stove and accurately
maintain the size information of the back wall. Moreover,
our model distinctly represents the depth information across
various scenes. In the third row, EchoDiffusion reconstructs
depth details inside the doorway, even in low light, reveal-
ing a clear spatial hierarchy. The fourth row highlights the
model’s accuracy in identifying the boundary between the
floor and window, as well as the distance to the balcony.

Ablation Study

In our ablation study, as shown in Table 2, we conducted
a comprehensive analysis to emphasize the critical role and
efficacy of the MALF network. The MALF-Net integrates
ASFF and ASPP modules, as depicted in the figure above.
Each component uniquely contributes to the overall perfor-
mance, yet their combination in the MALF network yields
superior results compared to individual components and



Dataset Latent Space Generator | RMSE] REL| logl0) | § < 1.257 6 < 1.25°7 6 < 1.25%
FPN 0.929  0.608 0.198 0.501 0.662 0.758
Replica ASFF 0.938  0.630 0.198 0.498 0.660 0.757
ASPP 0.925  0.627  0.200 0.500 0.662 0.761
MALF-Net 0913  0.604 0.194 0.515 0.668 0.764
FPN 1.741 0574 0.193 0.487 0.656 0.761
Matterport3D ASFF 1722 0.573  0.188 0.470 0.649 0.768
ASPP 1.742 0597 0.197 0.484 0.655 0.759
MALF-Net 1702  0.512  0.187 0.481 0.659 0.770

Table 2: Ablation experiments on the Replica and Matterport3D datasets.

other baseline models.

To demonstrate the contributions of ASFF and ASPP
within the MALF network, we compared the following con-
figurations:

* FPN: A basic Feature Pyramid Network without ad-
vanced fusion and pyramid pooling techniques.

* ASFF: Utilizing only the Adaptive Structure Feature Fu-
sion modules without the ASPP component.

* ASPP: Incorporating only the Atrous Spatial Pyramid
Pooling without ASFF.

Here we only replace the MALF network, leaving the other
model components unchanged. As shown in Table 2, the re-
sults on the Replica dataset show that the MALF network
excels across all metrics. Specifically, the MALF network
achieves an RMSE of 0.913, reducing the error by 1.30%
compared to 0.925 for ASPP and by 2.66% compared to
0.938 for ASFF. On the Matterport3D dataset, the MALF
performance index has also basically reached the best, espe-
cially REL up to 0.512. In order to demonstrate the validity
of the framework that echo waveforms guides spectrogram
diffusion, visualization of ablation experiments is also pre-
sented. As shown in Figure 6, our model still predicts better
results than Echo-Net and Bat-Net, even when encoding into
latent space using traditional FPN modules. This effectively
illustrates the validity of our framework, which uses echo
waveforms to guide the reverse diffusion, ultimately result-
ing in a more comprehensive and accurate depth map.

ASPP utilizes atrous convolutions with varying dilation
rates to effectively capture features at multiple scales. How-
ever, while ASPP is adept at capturing multi-scale contexts,
it does not inherently provide mechanisms to adaptively
weigh and fuse these features based on their relevance. In
contrast, the ASFF module excels at adaptively combining
features from different scales and levels. By leveraging an
attention mechanism, it effectively learns spatial weights, al-
lowing the network to emphasize the most pertinent features
for the specific task at hand. Nevertheless, ASFF in isolation
may not comprehensively address the full spectrum of scale
variations as effectively as ASPP.

By integrating ASPP and ASFF within the MALF net-
work, our model capitalizes on the strengths of both compo-
nents: ASPP’s extensive multi-scale feature extraction and
ASFF’s adaptive, attention-driven feature fusion. This inte-
gration not only enhances the model’s ability to extract a
broad spectrum of feature scales but also allows the network
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Figure 6: Qualitative ablation results on the Replica and
Matterport3D datasets.

to dynamically prioritize the most critical features. Conse-
quently, the model’s capacity to capture multi-scale spatial
information is significantly improved. Moreover, when com-
pared to traditional FPN networks, the MALF network con-
sistently demonstrates superior performance, further validat-
ing its effectiveness.

Conclusion

In this paper, we present EchoDiffusion, a novel approach
where the echo spectrograms are encoded into a latent space
for diffusion, while the echo waveforms guide the reverse
diffusion process to estimate depth. We introduce MALF-
Net, which effectively extracts and merges multi-scale spa-
tial features, optimizing the encoding of spectrograms into
the latent space. Additionally, we propose the EWDE mod-
ule, which generates conditional embeddings from echo
waveforms, thereby improving the accuracy of depth map
reconstruction during reverse diffusion. Experiments on the
Replica and Matterport3D datasets demonstrate that EchoD-
iffusion outperforms existing methods across key metrics.
Ablation studies further validate the effectiveness of MALF-
Net and the superiority of the waveform-guided diffusion
approach.
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