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Abstract

Dichotomous Image Segmentation (DIS) aims to generate precise binary segmen-
tation masks for objects in natural images. One of DIS applications is foreground
separation. While existing class-agnostic dense prediction methods have shown
promise in DIS for foreground segmentation, they struggle with overlapping objects
at different depths, resulting in imprecise boundaries and misclassifications. To
address these limitations, we propose MDG-DIS, a novel DIS framework that
leverages depth information to resolve ambiguities in foreground separation. Our
approach effectively differentiates objects at varying depths, refining object bound-
aries and improving segmentation accuracy in complex scenes. During training, the
model learns to compensate for depth estimation errors, enhancing precision even in
regions with uncertain depth information. At inference, the model operates without
depth input, relying instead on learned depth-aware representations for computa-
tional efficiency. Extensive experiments on the DIS5K dataset, comprising both
overlapping and non-overlapping foregrounds, demonstrate that MDG-DIS consis-
tently outperforms existing methods of comparable size and achieves competitive
results with substantially larger models. The proposed approach delivers superior
segmentation accuracy while maintaining high efficiency, making it particularly
suitable for real-time applications in challenging scenarios.

1 Introduction

Recent advancements in dense image prediction have significantly improved semantic segmenta-
tion [9] and class-agnostic foreground-background separation [18], powered by the robust represen-
tational capabilities of neural networks [18, 26]. This progress, coupled with precise annotations,
has enabled solutions for increasingly fine-grained segmentation tasks. Among these, Dichotomous
Image Segmentation (DIS) emerges as a unifying framework that addresses the fundamental challenge
of separating foreground objects from their backgrounds with pixel-level precision. DIS aims to
generate binary masks that precisely depict object boundaries, regardless of object category or scene
complexity, encompassing challenges such as salient object detection [18] and camouflaged object
detection [7]. By combining high-quality segmentation with class-agnostic foreground separation,
DIS ensures robust performance across various input resolutions, making it versatile for fine-grained
image segmentation applications. DIS is attracting growing interest for its potential in a range of
applications, including augmented reality [19], 3D reconstruction [12] and e-commerce [17].

Existing DIS solutions have primarily focused on handling both fine-grained and coarse regions
within images. Some approaches [16] incorporate structure and trunk estimation, while others utilize
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(a) Comparison of different approaches on the DIS5K dataset.

(b) Qualitative results of MDG-DIS evaluated on Amazon catalogue data

Figure 1: MDG-DIS. The proposed approach demonstrates strong performance providing fine-
grained segmentation masks on challenging public data (Top: evaluation on the DIS5K dataset) as
well as on Amazon catalogue (Bottom: qualitative results of MDG-DIS on Amazon catalogue).

frequency priors [31] to distinguish fine details from coarse regions. However, two critical challenges
remain in high-quality foreground segmentation: (1) existing DIS methods [19] often fail when
background and salient regions share similar visual characteristics, and (2) segmentation accuracy
deteriorates when fine-grained details of foreground and background overlap. To address these
limitations, we introduce MDG-DIS, a novel monocular depth guided DIS framework that integrates
depth information into the segmentation process. Unlike conventional appearance-based methods,
our approach leverages depth guidance to enhance segmentation accuracy, particularly in challenging
cases involving overlapping objects at different depths.

MDG-DIS extends the UDUN approach [16] by incorporating a simple yet effective depth-guided
optimization scheme during training. This scheme maintains depth consistency within segmented
regions, helping distinguish objects based on their spatial separation. While solutions like BAS-
Net [19] and IS-Net [17] rely on intrinsic 2D properties, MDG-DIS explicitly incorporates external
guidance through monocular depth estimation, introducing valuable 3D scale information. Notably,
this integration incurs no additional computational cost during inference, as depth information is
utilized exclusively during training. This approach enhances fine-grained segmentation performance
while maintaining model efficiency.

In summary, we make the following contributions:

• We introduce MDG-DIS, a novel depth-guided DIS approach that leverages localized depth variance
to enhance fine-grained segmentation, improving object delineation in complex scenes through
explicit 3D spatial context;

• We propose a framework that achieves superior segmentation performance without increasing
inference complexity. Extensive evaluations on the DIS5K dataset demonstrate that MDG-DIS
consistently outperforms the lightweight UDUN [16] (cf. Fig. 1) and matches the performance of
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the more computationally intensive BiRefNet [30], while maintaining faster inference and fewer
parameters;

• We demonstrate MDG-DIS’s practical value through extensive evaluation on Amazon product
images, showing its effectiveness for real-world applications in large-scale retail platforms.

2 Related Work

Image segmentation has evolved significantly with the emergence of specialized datasets and tasks
targeting diverse challenges in computer vision [4, 6, 23]. A notable advancement in this field is
the introduction of DIS, which focuses on achieving highly accurate segmentation for objects with
complex shapes and structures [17]. Our work builds upon and extends these foundations, particularly
in addressing the challenges of fine-grained segmentation with depth awareness. We organize our
discussion of related work into three main areas: dichotomous image segmentation, high-resolution
image segmentation, and depth-aware approaches for segmentation.

Dichotomous Image Segmentation. The introduction of the DIS5K dataset by [17] was accompanied
by IS-Net, a model utilizing intermediate supervision to enhance performance on fine-grained
areas. Subsequent approaches have explored various strategies to improve segmentation quality.
Zhou et al. [31] introduce frequency prior integration to capture high-frequency region details, while
Zheng et al. [30] propose a two-part network BiRefNet leveraging multi-scale localization with inward
and outward reference reconstruction. Recent advances include MVANet [27] combining distant and
close object views for training acceleration, and UDUN [16] model – a Divide-and-Conquer approach
that decouples low and high-level features for an improved boundary delineation. In this work, we
show that incorporating monocular depth priors allows DIS approaches to obtain significantly more
detailed segmentation masks while maintaining high efficiency.

High-Resolution Image Segmentation. DIS shares a significant overlap with high-resolution
semantic segmentation research. Multi-path fusion approaches have been widely adopted, with works
like RefineNet [11] and ICNet [29] exploiting multi-resolution inputs and low-scale representations
for efficient semantic localization. Boundary refinement techniques have been explored through
explicit fine-grained estimation [28] and post-processing methods such as Conditional Random Fields
(CRF) and region growing [5,10]. The field has seen significant advancement with foundation models
like SAM [9], trained on billion-scale masked labels, and its high-quality variant HQ-SAM [8], which
addresses limitations in thin object boundary precision while maintaining zero-shot segmentation
capabilities.

Depth Awareness for Segmentation. The integration of depth information in segmentation has a
rich history, with joint optimization approaches [15] demonstrating enhanced performance across
multiple dense perception tasks. Depth-aware CNNs have introduced specialized mechanisms
such as depth similarities and depth-aware average pooling [24] to leverage depth information
effectively. Conversely, works like [3] have shown how semantic information can enhance depth
learning, highlighting the symbiotic relationship between structural and semantic understanding. The
DADA framework [22] further demonstrates the value of depth information in domain adaptation
scenarios for semantic segmentation. Recent developments in joint depth and semantic segmentation
models [20] continue to reveal the mutual benefits of simultaneous depth and semantic estimation,
reinforcing the fundamental connection between these complementary tasks.

3 Method

Our approach builds upon an existing DIS architecture by incorporating depth awareness without
increasing model complexity. Starting with a network [16] pre-trained on the DIS5K dataset,
represented as function FW(·) with parameters W , we enhance its performance through depth-guided

optimization. The key innovation lies in refining the model parameters to W by leveraging local depth
inconsistencies during training, while maintaining the original parameter count. Fig. 2 illustrates
the MDG-DIS framework, which augments the UDUN [16] architecture with monocular depth cues
to improve segmentation mask estimation. Our method introduces depth-aware learning through a
carefully designed optimization strategy that preserves the model’s efficient inference characteristics
while significantly improving its segmentation capabilities.
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Figure 2: Overview. MDG-DIS leverages monocular geometric cues from a pre-trained depth
estimation network [2] to guide DIS model optimization. Our approach enforces depth consistency
within predicted foreground regions by computing depth inconsistency measures. The network
parameters are optimized through backpropagation using both the depth inconsistency signal and
traditional segmentation loss against ground-truth masks.

3.1 Multi-Scale Feature Learning with Structure-Trunk Decomposition

Our framework builds upon UDUN’s [16] dual-encoder architecture, which processes input im-
ages through parallel pathways to capture complementary object representations. This approach
decomposes the segmentation task into two components: "Structure," which captures detailed object
boundaries, and "Trunk," which represents the object’s skeletal framework derived from distance
transforms of ground truth masks.

Structure-Trunk Formulation. The mathematical formulation for Trunk (T ) and Structure (S)
components is defined as:

T =
(

DF (Mgt)
)0.5

, S = Mgt − T (1)

where Mgt represents the ground truth mask and DF denotes the distance transform operation.

Feature Extraction and Fusion. Using a ResNet50 backbone, we extract features from both high
and low-resolution versions of the input image. These features are processed through dedicated
Structure and Trunk decoders, each optimized for their respective tasks. Multi-scale feature fusion is
achieved through: a) Trunk-Structure Aggregation (TSA) modules; b) Mask-Structure Aggregation
(MSA) modules. These modules help cross-decoder feature fusion at corresponding scales, with the
Union decoder producing the final segmentation mask.

3.2 Depth-Guided Refinement for Fine-Grained Segmentation

We address the task of distinguishing overlapping foreground and background regions by introducing
depth consistency constraints. Our approach leverages local depth variations as indicators of object
boundaries, utilizing a monocular depth estimator fD(·) that generates depth maps D from high-
resolution inputs. Given a binary segmentation mask M (where 1 indicates foreground and 0
background), we enforce depth similarity within local foreground regions. We compute a localized
variance V on the depth map for estimated foreground regions, and aggregate it into LV across image
dimensions (H,W ). We use LV as a depth loss:

LV =
∑

W

∑

H

V (M⊙D) (2)
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The local variance Vi,j for each pixel (i, j) is computed over a neighborhood patch, considering only
foreground pixels:

Vi,j =

∑

i′,j′(di′,j′ −
∑

i′,j′
di′,j′∑

i′,j′
mi′,j′

)2 ∗mi′,j′

∑

i′,j′ mi′,j′
(3)

where di′,j′ and mi′,j′ are elements from depth map D and mask M patches, respectively. Fig. 2
(upper-right corner) visualizes the local depth variance V computed using ZoeDepth [2] estimates.

We extend the original UDUN training framework [16], which uses:

Lorig = Ltrunk + Lstruct + Lmask (4)

Here, Ltrunk, Lstruct, and Lmask represent the losses computed at the outputs of the Trunk, Structure,
and Union decoders, respectively. The outputs of the Trunk and Structure decoders are compared to
their corresponding ground truth masks minimizing Binary Cross-Entropy (BCE) losses. The mask
loss Lmask combines BCE and Intersection over Union (IoU) terms:

Lmask = Lbce + Liou (5)

Our final loss incorporates the depth inconsistency term:

Ltotal = Ltrunk + Lstruct + Lmask + LV (6)

During training, the depth inconsistency gradients propagate through the entire network, updating
parameters in all decoders (Structure, Trunk, and Union) of the UDUN [16] architecture.

Implementation details. Our implementation builds upon the training scheme proposed in [16]. We
use ResNet-50 as the backbone network for extracting both high and low-resolution features from
input images, ensuring fair comparison with UDUN [16]. The network processes two input scales:
a high-resolution input of 1024 × 1024 pixels and a low-resolution input of 256 × 256 pixels for
feature extraction. Depth inconsistency measures are computed using monocular depth estimates
from ZoeDepth [2]. The training process consists of two phases spanning 48 epochs in total. During
the first 24 epochs, we train only the UDUN-based pipeline. The network head is optimized using a
learning rate of 0.05. In the second phase, we incorporate the depth incongruence-based optimization
using Adam optimizer with a learning rate twice that of the main network. The entire framework is
implemented in PyTorch and trained on a single NVIDIA A10G GPU with 24GB memory.

4 Experiments

In this section, we perform extensive evaluations of the proposed approach on real-world data for the
DIS task. Next, we provide qualitative and quantitative comparisons against strong DIS baselines.
Finally, we demonstrate the practical applicability of our method by evaluating its performance on
real-world e-commerce product images.

Datasets. Following the established protocol [16, 17, 19], we evaluate our approach on the DIS5K
dataset [17]. The dataset comprises a training set (DIS-TR) of 3000 images and a testing set (DIS-TE)
of 2000 images. DIS-TE is further divided into four equal subsets (DIS-TE-i, i ∈ {1, 2, 3, 4}), each
containing 500 images categorized by foreground structure complexity and shape. We report both the
average performance across all subsets and individual results for each DIS-TE-i.

Baselines. We compare against a) dichotomous image segmentation methods: UDUN [16], IS-
Net [31], and BASNet [19]; b) Transformer-based segmentation approach: BiRefNet [30].

Metrics. We assess the performance of our method through metrics commonly used for class agnostic

segmentation. Specifically, we report F-measure F
β
max [1], mean F-measure F

β
mean, and the Mean

Absolute Error (MAE). To evaluate the segmentation quality on complex shapes, we also provide
the Human Correction Effort (HCEγ) required to correct the computed segmentation mask errors, as
in [16]. The value of γ is set to 5 across all experiments.
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Figure 3: Qualitative results on DIS-TE. Comparison of segmentation results between MDG-DIS
and UDUN on DIS-TE-1 (first two columns) and DIS-TE-4 (last two columns) datasets. Our approach
demonstrates superior performance in preserving both structural integrity and fine details across
varying complexity levels. Additional examples are provided in the supplementary material.

Dataset
DIS-TE-1 DIS-TE-2 DIS-TE-3 DIS-TE-4 DIS-TE-all

Method F
β
max ↑ F

β
mean ↑ F

β
max ↑ F

β
mean ↑ F

β
max ↑ F

β
mean ↑ F

β
max ↑ F

β
mean ↑ F

β
max ↑ F

β
mean ↑

IS-Net [17] .663 .622 .799 .774 .830 .758 .827 .770 .779 .731
BASNet [19] .740 .560 .738 .662 .790 .733 .785 .706 .761 .664
UDUN [16] .766 .590 .807 .689 .829 .827 .807 .724 .791 .677

MDG-DIS (ours) .833 .710 .856 .774 .871 .869 .857 .795 .854 .767

(a) F
β
max and F

β
mean metrics (the higher the better)

Dataset
DIS-TE-1 DIS-TE-2 DIS-TE-3 DIS-TE-4 DIS-TE-all

Method MAE ↓ HCEγ ↓ MAE ↓ HCEγ ↓ MAE ↓ HCEγ ↓ MAE ↓ HCEγ ↓ MAE ↓ HCEγ ↓

IS-Net [17] .074 155 .070 341 .072 681 .070 2888 .072 1016
BASNet [19] .105 149 .096 340 .087 687 .092 2852 .095 1007
UDUN [16] .063 188 .057 327 .053 676 .053 2505 .057 924

MDG-DIS (ours) .041 142 .040 371 .038 558 .038 2669 .039 934

(a) MAE and HCEγ metrics (the lower the better)

Table 1: Quantitative results on DIS-TE. Performance evaluation using standard DIS metrics (see
Section 4) across individual and combined splits of the DIS-TE dataset. MDG-DIS demonstrates
consistent improvement in segmentation quality across all scene complexity levels.

4.1 Performance Analysis: DIS Approaches

To show the effectiveness of our method for dichotomous image segmentation, we compare against
various baselines on the challenging DIS5K dataset.

Quantitative Results. We evaluate MDG-DIS against UDUN [16] and IS-Net [17] using input
images of size 1024× 1024 and a ResNet-50 backbone. As shown in Table 1, the proposed approach
demonstrates significant improvements across multiple metrics. On the complete DIS-TE dataset,
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MDG-DIS achieves an 8% higher F
β
max compared to UDUN, while maintaining superior performance

over IS-Net and BASNet [19]. Notably, on the challenging DIS-TE-4 subset, MDG-DIS outperforms

UDUN by 6% in F
β
max and reduces MAE by 30%. These results consistently demonstrate the

effectiveness of our depth-guided approach across varying levels of segmentation complexity.

Qualitative Analysis. The integration of depth-guided gradients significantly improves segmentation
quality, particularly in regions with overlapping objects. Our method produces sharper edges and
more precise corner delineation across both simple (DIS-TE-1) and complex (DIS-TE-4) scenarios.
Fig. 3 illustrates this improvement, comparing MDG-DIS outputs with UDUN baseline results. The
enhancement is particularly evident in architectural objects with distinct depth variations, such as
electrical poles, where our method maintains structural integrity while capturing fine details.

Performance Analysis on Complex Cases. While MDG-DIS achieves superior F
β
max and MAE

scores across all test sets, we observe slightly higher HCE values on the DIS-TE-2 and DIS-TE-
4 subsets. Further investigation reveals that this increase in Human Correction cost arises from
specific challenging scenarios where objects have intricate overlapping components. For instance, as
shown in Fig. 4, images containing intersecting structures (e.g. bridge cables) with high local depth
variances can lead to increased False Negative predictions. However, even in these challenging cases,
MDG-DIS maintains better fine-grained detail preservation compared to UDUN [16] (cf. Fig. 4).
These examples highlight the trade-off between precise boundary detection and handling complex
overlapping structures.

4.2 Efficiency and Performance Trade-offs

Model F
β
max ↑ Params, MB↓ Runtime, ms ↓

BiRefNetSwinT 0.890 215 81.3
BiRefNetPVTv2 0.878 35 47.8
UDUN 0.791 25 33
MDG-DIS 0.854 25 33

Table 2: Efficiency-Performance Trade-off. We

report F
β
max over the DIS-TE-all split.

We compare MDG-DIS against BiRefNet [30], a
recent transformer-based approach that employs
inward scale reference and outward gradient pri-
ors, in contrast to our strategy of utilizing depth-
based gradient priors. While the SWIN [13]
transformer-based BiRefNet achieves superior
segmentation quality compared to our method, it
comes with significant computational overhead.
As shown in Table 2, BiRefNet with SWIN back-
bone requires an average runtime of 83.3ms,
which is 2.37 times slower than our ResNet50-based solution. BiRefNet’s alternative implementa-
tion using PVTv2 [25] backbone achieves more competitive inference speed (47.8ms). However,
MDG-DIS maintains comparable segmentation quality while offering faster inference time (33ms),
fewer model parameters, and competitive segmentation accuracy. These results, detailed in Table 2,
demonstrate that MDG-DIS achieves an effective balance between performance and computational
efficiency, making it particularly suitable for real-world applications where both accuracy and speed
are crucial.

4.3 Application to E-commerce Product Segmentation

MDG-DIS demonstrates significant potential for enhancing several Amazon customer experiences
(CXs), particularly in applications such as Color Swatches1 and Visual Cues2. To validate its
practical utility, we evaluated MDG-DIS on a diverse dataset of 2000 product images from the
Amazon Catalog, encompassing various product categories and challenging scenarios such as complex
backgrounds, multiple objects, and fine details. Our experiments show (cf. Fig. 1 and Section C.2 in
the supplementary material) that MDG-DIS achieves good segmentation quality on Amazon images.
Notably, MDG-DIS excels in handling challenging cases common in e-commerce imagery, such
as products with intricate details (e.g., jewelry and fashion items). The model’s ability to leverage
depth information proves particularly valuable in accurately separating products from visually similar
backgrounds, a common challenge in product photography.

1https://w.amazon.com/bin/view/EUHIP/ML/LaserTag/
2https://w.amazon.com/bin/view/InTech/NintAI/Projects/VisualCues/
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Figure 4: Qualitative results: challenging cases. MDG-DIS leverages monocular depth cues
to enhance segmentation quality, producing fine-grained masks with sharper details compared to
UDUN [16]. While it generally improves boundary precision, it may generate false negatives in
regions with minimal depth variation.

5 Conclusion

We present MDG-DIS, a novel framework that enhances dichotomous image foreground segmentation
by incorporating monocular depth guidance into multi-scale 2D feature fusion. Our comprehensive
evaluation of the DIS task demonstrates significant improvements over existing approaches, achieving

an 8% increase in F
β
max compared to the baseline UDUN model on the DIS5K dataset. The success

of MDG-DIS in leveraging depth information for improved segmentation accuracy validates the
effectiveness of integrating multiple dense perception signals for complex vision tasks implying
foreground separation. The demonstrated improvements in segmentation quality, particularly in
challenging scenarios with overlapping objects and complex depth relationships, suggest promising
directions for future research. Specifically, we envision extending this work toward unified architec-
tures that simultaneously address high-quality segmentation and fine-grained depth estimation while
maintaining computational efficiency through shared-backbone networks.

6 Customer Problem Statement

MDG-DIS addresses critical challenges in real-world e-commerce applications, particularly in content
moderation, product evaluation and product catalog management. In large-scale marketplaces like
Amazon, ensuring high-quality product presentations requires accurate identification and segmenta-
tion of multiple salient objects within product images. Traditional approaches struggle with complex
scenarios where products overlap or share similar visual characteristics with backgrounds, leading
to suboptimal customer experiences. MDG-DIS’s ability to leverage depth information for precise
object delineation makes it particularly valuable for automated content moderation systems. The
framework can effectively identify and segment multiple salient objects in product images, leading
to a better quality control of seller-uploaded content and improving the overall customer shopping
experience. Moreover, its computational efficiency makes it suitable for large-scale deployment,
where processing millions of images daily requires both accuracy and speed. This practical applica-
tion demonstrates how advances in computer vision can directly translate into enhanced customer
experiences in e-commerce platforms.
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Supplementary Material for

MDG-DIS: Monocular Depth Guided Dichotomous

Image Segmentation

In this supplementary material, we provide an additional ablation study for another type of geometric
guidance based on edge detection in Section A, assess the performance of a zero-shot prompt-based
segmentation framework we define as HQ-SAM-F in Section B and report additional qualitative
segmentation results on the DIS5K dataset and Amazon catalogue data in Section C.

A Ablation Study

In this section, we present an analysis of edge detection guidance for the task of DIS.

Analysis of External Scale Guidance. We investigate the potential benefits of incorporating
external scale information into MDG-DIS through edge-aware guidance. For this analysis, we utilize
PiDiNet [21] to generate edge maps E using pixel difference convolution-based edge detection. To
integrate edge information into the segmentation process, we define an edge-guided correction term
that focuses on boundary regions of the output mask M. The correction signal is computed as a
weighted combination of the edge map and mask:

LE =
∑

W

∑

H

(M⊙E ⊙w) (7)

We implement an interleaved training approach where edge guidance is applied through the "Structure"
encoder and batches alternate between depth guidance and edge guidance. Our experiments reveal
that external scale guidance does not enhance the UDUN model’s [16] performance, as evidenced by
the learnable weights converging to zero during training.

B Zero-shot Prompt-based Segmentations

In this section, we propose a zero-shot DIS pipeline based on the HQ-SAM foundational model, and
evaluate its performance against MDG-DIS.

To benchmark MDG-DIS against modern foundation models, we developed HQ-SAM-F, a pipeline
combining HQ-SAM [8] with class-agnostic object detection for zero-shot foreground segmentation.
We evaluate this approach on the DIS5K test datasets.

Figure 5: HQ-SAM Foreground Pipeline. Our baseline combines class-agnostic object detec-
tion [14] and high-quality segmentation through a two-stage process: (a) input image is processed by
MAVL [14] for foreground object detection, (b) detected objects are represented as bounding boxes,
(c) these boxes serve as prompts for HQ-SAM [8] to generate individual segmentation masks, and (d)
the final mask is obtained through logical OR operation over all individual masks.
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Input image HQ-SAM-F MDG-DIS (ours) Ground truth

Figure 6: Qualitative results. Qualitative comparison between masks generated by MDG-DIS and
HQ-SAM-F. The proposed approach provides fine-grained and more accurate segmentation results.

Dataset
Method DIS-TE-1 DIS-TE-2 DIS-TE-3 DIS-TE-4 DIS-TE-all

HQ-SAM-F [8] 0.170 0.150 0.130 0.130 0.140
MDG-DIS 0.041 0.040 0.038 0.038 0.039

Table 3: Quantitative results. We report the MAE metric for foreground detection obtained by
HQ-SAM-F and MDG-DIS on the separate and combined splits of the DIS-TE dataset.

HQ-SAM-F Pipeline. Our implementation utilizes HQ-SAM’s multi-box prompt functionality,
which accepts bounding box coordinates (xmin, ymin, xmax, ymax) as segmentation guidance. To
generate class-agnostic bounding boxes, we employ the MAVL [14] model with the text prompt "only
foreground objects". The final mask for each image is created by combining individual HQ-SAM
segmentation outputs for detected foreground objects. The complete pipeline is illustrated in Fig. 5.

Performance Analysis. Fig. 6 presents a comparative analysis of masks generated by HQ-SAM-F
and MDG-DIS against the ground truth, showcasing both high-quality and challenging cases. The
results demonstrate that HQ-SAM-F’s performance is heavily dependent on the accuracy of the
initial class-agnostic object detection step. As shown in Table 3, MDG-DIS consistently outperforms
HQ-SAM-F across all DIS-TE-i datasets in terms of MAE. We attribute this superior performance to
several factors: a) MDG-DIS’s effective utilization of depth information for boundary refinement; b)
HQ-SAM-F’s reliance on pre-trained weights [8] without DIS5K-specific fine-tuning; c) Limitations
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Input image HQ-SAM-F [8] UDUN [16] MDG-DIS (ours) Ground truth

Figure 7: Qualitative results on DIS5K. Comparison between masks generated by HQ-SAM-F,
UDUN, and MDG-DIS. Our approach provides fine-grained and more accurate segmentation results.

of MAVL-based detection in complex scenarios, particularly with multiple objects at varying spatial
locations and foreground objects overlapping with detailed backgrounds.

C Additional Results

In this section, we present more qualitative results for the DIS5K dataset (Section C.1) and Amazon
catalogue data (Section C.2).

C.1 DIS5K

We report qualitative results for DIS5K and show more visualizations in Fig. 7 and Fig. 8. Compared
to state-of-the-art methods, our approach with monocular depth guidance produces significantly better
segmentation results both visually as well as quantitatively.

C.2 Amazon Catalogue

MDG-DIS was tested on images from Amazon catalogue for the following common scenarios:
product images with a white background and a single foreground object in Fig. 9, product images
with multiple objects in Fig. 10, lifestyle images showcasing a product in a realistic environment
in Fig. 11, and more challenging cases in Fig. 12. The latest category comprises images with objects
having reflective surfaces such as mirrors and metallic objects, images with objects having coloured
areas similar to the background’s color or transparent materials, and media covers with intricate visual
and textual elements such as book covers and movie posters. Overall, MDG-DIS gives high-quality
segmentation masks even on complex-detailed objects, but particularly struggles in segmenting
objects with reflective areas. Improvements such as mask refinement and retraining on additional
difficult images are future work perspectives that can lead to better results.
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Input image UDUN [16] MDG-DIS (ours)

Figure 8: UDUN vs. MDG-DIS. MDG-DIS produces fewer errors on edges than UDUN.

Figure 9: Qualitative results of MDG-DIS on white-background images with a single main
object. We tested MDG-DIS on a range of objects from simple-shaped products (eg. shoes) to objects
with more complex structures such as thin metallic bars, and obtained qualitative segmentation masks
as shown in the figure.
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Figure 10: Qualitative results of MDG-DIS on images with multiple objects. We tested MDG-DIS
on images with more that one foreground element, including cases of overlaying objects and/or with
intricate details. Overall, MDG-DIS gives reasonable-quality masks and improvements to refine the
masks is one of our future perspectives.

Figure 11: Qualitative results of MDG-DIS on lifestyle images. We tested MDG-DIS on lifestyle
images where a product is shown in an in-use scenario. This type of images have non-uniform
backgrounds, highlighting the capability of MDG-DIS to correctly separate foreground objects, even
with complex structures and details.
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Figure 12: Qualitative results of MDG-DIS on challenging images. We tested MDG-DIS on
images with more difficult elements to segment: (a) objects with reflective surfaces, (b) objects
with transparent areas or with parts similarly coloured as the background, and (c) media covers with
overlaying graphics and texts. The most challenging segmentation tasks are related to reflective
surfaces such as metals and mirrors, creating a discontinuity in the foreground area. Retraining
MDG-DIS on additional data of this particular type can lead to better results.
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