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Abstract— The proliferation of smartphones and other mo-
bile devices provides a unique opportunity to make Advanced
Driver Assistance Systems (ADAS) accessible to everyone in the
form of an application empowered by low-cost Machine/Deep
Learning (ML/DL) models to enhance road safety. For the criti-
cal feature of Collision Avoidance in Mobile ADAS, lightweight
Deep Neural Networks (DNN) for object detection exist, but
conventional pixel-wise depth/distance estimation DNNs are
vastly more computationally expensive making them unsuitable
for a real-time application on resource-constrained devices. In
this paper, we present a distance estimation model, DECADE,
that processes each detector output instead of constructing
pixel-wise depth/disparity maps. In it, we propose a pose
estimation DNN to estimate allocentric orientation of detections
to supplement the distance estimation DNN in its prediction of
distance using bounding box features. We demonstrate that
these modules can be attached to any detector to extend
object detection with fast distance estimation. Evaluation of the
proposed modules with attachment to and fine-tuning on the
outputs of the YOLO object detector on the KITTI 3D Object
Detection dataset achieves state-of-the-art performance with
1.38 meters in Mean Absolute Error and 7.3% in Mean Relative
Error in the distance range of 0-150 meters. Our extensive
evaluation scheme not only evaluates class-wise performance,
but also evaluates range-wise accuracy especially in the critical
range of 0-70m.

I. INTRODUCTION

Road traffic accidents are currently among the primary
contributors to deaths and injuries on a global scale, resulting
in over 1.2 million deaths annually, and are predicted to
become the 7th leading cause of death across all age groups
globally by 2030 . To comply with safety standards, the
automotive industry has dedicated its efforts and finances
to the development of Advanced Driver Assistance Systems
(ADAS) that maximize driver safety by avoiding road traffic
accidents. These ADAS are extremely robust systems for
real-time, high performance driver facilitation as they employ
complex state-of-the-art embedded systems based on high
precision sensors like LiDAR.

Since 90% of the global road traffic accident deaths occur
in low and middle-income countries , there is a need
to further reduce cost and increase accessibility of this life-
saving technology to the lower socio-economic classes. With
increasing smartphone adoption rates and the advent of
machine learning (ML) algorithms , a low-cost
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Fig. 2: Pixel-wise vs Detection-wise Distance Estimation. (a)
presents pixel-wise distance estimation where the input image is
processed without detector involvement. (b) presents detection-wise
distance estimation where only the features extracted from the
detector’s outputs are processed.

alternative to the high-end embedded systems for ADAS can
be delivered in a Mobile ADAS application by employing
advanced deep neural network (DNN) modules that rely on
visual input from the smartphone’s camera. In this way, a
Mobile ADAS can facilitate safe driving in non-Al featured
low-end automobiles

In this paper, we concentrate on a DNN-based implemen-
tation of the critical feature of collision avoidance in ADAS,
highlighted in Figure 1. Collision avoidance aims to alert the
driver of dangerous scenarios that may result in a collision by
monitoring the road scene ahead of the car. The implemen-
tation of collision avoidance involves the use of specialized
DNNSs to solve the problems of object detection and distance
estimation. An object detector regresses the bounding box
around detected objects and identifies object classes in an
input image. Subsequently, the distance estimation network
predicts the absolute distance of each detection from the
camera.

It is important to note that there are two distinct classes of
distance estimation networks: pixel-wise and detection-wise
regressors (see Figure 2). Firstly, in pixel-wise regression
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Fig. 3: Distance estimation accuracy vs. parametric complexity
of state-of-the-art collision avoidance DL-implementation modules
for mobile ADAS. The labeled distance estimation models are
combined with the YOLOvVS n/s/m object detection variants for
a fair comparison across pixel-wise and detection-wise domains,
except for the Dist-YOLO in which distance estimation is embedded
into the YOLOV3 architecture.

(Figure 2a), the input image is processed to generate a pixel-
wise depth/disparity map, without detector’s involvement.
Subsequently, using the detector’s output, the distance of
each detection can be extracted by post-processing the pixels
enclosed by its bounding box . Secondly, detection-
wise regressors (Figure 2b) only process features extracted
from the detector’s outputs to assign an absolute distance
prediction to each detection.

The DNNs used in the mobile ADAS should offer high
quality real-time performance while adhering to the hardware
constraints of smartphones. Popular object detectors like the
You-Only-Look-Once (YOLO) models have inspired
the development of low-cost detectors that provide state-of-
the-art performance specifically for low-end hardware like
smartphones . However, pixel-wise distance estimation
models are vastly more computationally expensive as they
regress depth/disparity for each pixel in the image

. This makes them impractical for a real-time application.
However, since a system for collision avoidance applications
already employs a detector, DNNs for distance estimation
can derive useful information from the detector outputs to
predict detection-wise absolute distance instead of processing
the image separately. This idea is based off the observation
that closer objects appear larger and vice versa. In this
way, reducing the scope of the problem to regressing over
all input image pixels to only regressing over the number
of detections made by the detector, detection-wise distance
regression reduces DNN complexity greatly.

Dist-YOLO does this by integrating distance esti-
mation directly into the YOLOV3 architecture. The authors
extend the prediction heads of YOLOV3 to make predictions
of absolute distance based on the same feature maps learned
to make high quality detections. While this approach yields
reasonable accuracy across distance metrics, the effect of de-
tector size on the accuracy is unclear. On the other hand, the
DisNet utilizes an additional Multi-Layer Perceptron
(MLP) to predict absolute distance for each detection based
on features extracted from the outputs of YOLOv3. This
approach provides an attachable DNN to extend detectors

with distance estimation. Furthermore, since such a DNN
is not deeply embedded into a specific Detector like the
Dist-YOLO, it can be attached to more lightweight detectors
like the YOLOV8 nano (n), small (s), and medium (m) sized
variants to reduce overall system cost even further.

A. Motivational Case Study

Figure 3 visualizes the need for designing efficient-yet-
accurate detection-wise distance estimation models. For the
most impactful state-of-the-art works in depth/distance es-
timation including the Dist-YOLO, DisNet, MonoDepth2,
and DORN, we compare the distance estimation accuracy, in
terms of absolute relative error, with the overall system com-
plexity of the distance network combined with the YOLOVS
object detection variants, in terms of total number of trainable
parameters . This study illustrates that
there is potential to further improve the accuracy of the most
cost-effective distance estimation models to offer state-of-the-
art performance at low costs.

B. Our Novel Contributions

To achieve a better accuracy-efficiency tradeoff for dis-
tance estimation, in this paper, we present our DECADE
model which extends object detectors with a detection-
wise distance estimation network, supplemented by a pose
estimation network to infer objects’ rotation in the road scene
to enhance distance estimation accuracy. Our proposed model
can be fine-tuned on detector outputs to push beyond the state
of the art in accuracy with 7.3% absolute relative error while
retaining the cost-effectiveness of the most efficient models.
Details on the experimental setup can be found in Evaluation
and Discussion. In summary, we make the following key
contributions.

1) DECADE: A new state-of-the-art attachable distance esti-
mation model consisting of two neural networks. For each
detection, a pose estimation network derives orientation
information to supplement the rest of the extracted di-
mensional and spatial features in processing by a distance
estimation network. Ultimately, DECADE achieves a new
frontier in detection-wise distance estimation accuracy.

2) Class-wise evaluation: We examine the performance of
both DECADE and DisNet across the different object
classes in the KITTI dataset to evaluate robustness of
distance estimation against variation in object sizes.

3) Range-wise evaluation: As performance in the distance
ranges of 0-70m is critical to driver safety, we perform
a detailed range-wise evaluation of both our DECADEE
and the DisNet.

II. METHODOLOGY

We describe our detection-wise DECADE model in Fig-
ure 4. The input image is first processed by the object detec-
tor (Fig. 4@), yielding detections, including bounding boxes
and classes. These are then used to extract detection-wise
features. For each detection, the image crop is processed by
the Pose DNN (Fig. 4@) to obtain the effective allocentric
orientation of the detected object. This completes the feature
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Fig. 4: Overview of the DECADE model, attached to an object detection network

vector for the Distance DNN (Fig. 4@) to assign absolute
distance to the detection. The full set of features and DNNs
is described in the following subsections.

A. Feature Analysis

We obtain the following features from detector outputs:

o Detection Class
« Dimensional features: width, height, diagonal
« Positional features: center (X,y), detection crop

The analysis of the relationship between these features and
the distance of the object determines the efficacy of their
inclusion in our modeling strategy. We use the KITTI 3D
Object Detection |[14] dataset for our feature analyses in
this section and, eventually, for the evaluation of DECADE.

It is a prerequisite to include the class in the set of selected
input features for any distance modeling as it allows the
learning of class-wise differences: the detection instances
of pedestrians vary greatly from those of cars in terms of
the width to height ratio. Our analysis of the dimensional
features on the approximately 40k bounding box annotations
in the KITTTI dataset is in agreement with the main hypothesis
that closer objects appear bigger. Additionally, height is the
most robust dimensional feature as it effectively addresses
cases where equidistant objects may differ in their widths
and diagonals, but not in height (see Figure 6a for examples).
Still, we hypothesize that using the full set of available
features yields the most accurate model. This is because
using more features minimizes the chance that detector error
in any one feature significantly impacts the accuracy of
distance estimation.
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Fig. 5: Relationship between dimensional features (normalized by
image dimensions) of bounding boxes and the object’s distance
from the camera
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(a) (b)

Fig. 6: (a) Variation in dimensional features of equidistant objects.
Observe that box height remains almost identical, proving its
robustness, whereas width and diagonal are affected. (b) Variation
in allocentric orientation of equidistant objects with identical di-
mensional features, justifying the effective range reduction from
[0, 360] to [0, 90] degrees

For accuracy optimization, we hypothesize that using the
full set of available features performs better at the cost
of greater system complexity. This is because using more
features minimizes the chance that detector error in any
one feature significantly impacts the accuracy of distance
estimation.

To address the challenge of width/diagonal variation in
equidistant objects, we propose the inclusion of the afore-
mentioned positional features, in addition to the dimensional
features. The difference in width/diagonal of objects in
Figure 6a is due to the difference in their orientation in
the road scene, not due to a difference in distance. This is
why we supplement dimensional features with the allocentric
orientation of the objects which can be derived from the
cropped image of each detection. The effective range of this
allocentric orientation can be reduced from 0-360 degrees
to 0-90 degrees as we are only concerned with the effect
of orientation on the visible component of the object’s
width/diagonal in the 2D image (see Figure 6b).

Lastly, using information about the object’s position in
the scene, i.e., center coordinates of the bounding box in
combination with the allocentric orientation, it is possible
to indirectly estimate the observation angle of the object
with reference to the camera. Given estimates of allocentric
orientation and observation angle, the object’s egocentric
orientation can also be estimated |[15]. In this way, the use



of both center coordinates and allocentric orientation adds
the capability of indirectly learning egocentric orientation
estimation to DECADE which further improves accuracy.
This completes the feature vector presented in Figure 4.

B. DNNs in DECADE

After the object detector’s (Figure 4@) inference,
DECADE leverages all the available information from the
outputs to model distance for each detection using the feature
set described above. We can directly extract the class, all
dimensional features, and the box center coordinates from the
detector output. However, estimating the allocentric orien-
tation requires an additional Convolutional Neural Network
(CNN) to process the detection crops (Figure 4@). Thus, we
process all detection crops with this pose estimation network
(PoseCNN) to infer the effective allocentric orientation. This
completes the feature set for the distance estimation network.
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Fig. 7: The proposed Pose Estimation Network architecture

Finally, to learn a complex function that maps the feature
set extracted from the detections to distance, we employ
a lightweight Multi-Layer Perceptron (MLP), as shown in
Figure 4@. Our DistMLP architecture of input features
feeding into 3 hidden layers of 100 neurons each, and a final
output neuron, is inspired by the DisNet . However, our
feature set is more extensive compared to the DisNet, which
only employs dimensional features and object classes.

C. Adaptation to Detector Error

We train DECADE on the bounding box annotations in
the ground truth of the KITTI dataset. However, DECADE
can be fine-tuned further by training on the bounding boxes
yielded from the detector inference on the KITTI images
directly. In this case, only supervision by the ground truth
of orientation and distance is required. This ground truth
can be obtained simply by matching the inference results
on an image with its corresponding box annotations over
a specified IoU. Since DECADE only processes detector
outputs for distance estimation, this would allow it to adapt
to the inaccuracy in the detector’s predictions, improving
accuracy even further. Firstly, the PoseCNN adapts to the
detector. Subsequently, the DistMLP can adapt by training
on the effective allocentric orientation feature yielded from
this PoseCNN-Adapt and the rest of the features from the
detector. We expect significant accuracy differences between
the end-to-end evaluation of DECADE trained on the dataset
and that trained by additionally adapting to the detector.
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III. EVALUATION AND DISCUSSION
A. Experimental Setup

All experiments, except for those in Section 3.5, were
conducted on the NVIDIA GeForce RTX 4090 GPU. We
trained all distance estimation models with the KITTI Object
Detection dataset . Using the train/test split provided by
the authors of Dist-YOLO , we follow their preprocess-
ing guidelines by removing all annotations of distances less
than 0 meters, and clipping the maximum to 150 meters.
With 6699 images in our train, and 782 images in our
test set, we use the corresponding 35450 train, and 4140
test set annotations to supervise and evaluate PoseCNN
and DistMLP. Both DNNs were trained using the Adam
optimizer for 250 epochs with a batch size of 64. The
learning rate was set to 0.001 for PoseCNN and 0.0001
for DistMLP. We use the mean-squared loss to supervise
training. Note that the best performing DisNet was trained
under the same training settings as the DistMLP, with the
feature vector as specified by the author . The metrics
used to evaluate the accuracy of distance predictions are the
Mean Absolute Error (MAE),
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and the Mean Relative Error (MRE),
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as defined in Dist-YOLO, with d; and cfi being the
groundtruth and prediction respectively . Note that the
MRE is the same as the Absolute Relative Error.
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Fig. 8: Evaluation pipeline for PoseCNN and DistMLP, each with
its own respective datasets generated using the KITTI dataset.

B. Evaluation on Ground Truth

For the evaluation of PoseCNN and DistMLP on the
dataset generated using the KITTI dataset, we describe our
processing pipeline in Figure 8. Each network was trained
separately, with PoseCNN learning to predict the effective
allocentric orientation given the 32x32z3 detection crop and
the DistMLP learning absolute distance for a detection given
its feature vector. Thus, the respective datasets extracted from
KITTT include instances of this mapping. Lastly, the DNNs



are evaluated against the respective test set annotations of
orientation for PoseCNN and distance for DistMLP. For
PoseCNN, we only use the MAE metric for evaluation. We
achieve an MAE of 3.68° for the best performing PoseCNN.
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Fig. 9: Class-wise evaluation of DECADE on KITTI’s ground-truth
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Fig. 10: Range-wise evaluation of DECADE on KITTI’s ground-
truth test-set annotations

In Figure 9, a class-wise accuracy comparison proves that
DECADE significantly outperforms the DisNet. Over all
classes, DECADE achieves 1.36m in MAE and a 6.35%
MRE, compared to the DisNet’s 1.76m MAE and 9.89%
MRE. This is an over 22% reduction in MAE and over
35% in MRE. Furthermore, we not only evaluate distance
estimation accuracy across the classes in the KITTI dataset,
but also over the distance range of 0-90m. For an ADAS
application, we believe high performance is required in the
critical distance range of 0-70m. Furthermore, emphasis on
model performance increases the shorter the distance is from
the camera. Figure 10 shows that DECADE outperforms
DisNet in this aspect as well. Most significantly, it achieves
0.75m MAE and 16.71% MRE in the 0-10m range. Com-
pared to the DisNet’s 1.30m MAE and 33.1% MRE, this is
an over 40% reduction in MAE and about 50% in MRE. Note
that the MRE is a highly sensitive metric at low distances.
For example, a prediction of 1.Im compared against the
ground truth value of 1.0m yields a 10% relative error with
only a 0.1m absolute error.

With these results, we prove that positional information
is essential in the feature set for high quality distance
estimation. Additionally, given an ideal object detector with
no error in box location and dimensions (KITTI test-set
annotations in this evaluation case), DECADE is the most
accurate detection-wise distance estimation model in the
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TABLE I: Accuracy and parametric complexity of the YOLOv8
Object Detectors trained on the KITTI dataset.

YOLOVS8 variant | mAP over 0.5 IoU (%) | Parameters (millions)
n 79.97 32

S 83.46 11.2

m 83.80 25.9

current literature. Next, we evaluate our models end-to-
end with the YOLOv8n to assess the distance estimation
performance of the entire pipeline in a realistic scenario
where the detector has the capacity for error.

DistMLP
Images
: &
PoseCNN

Fig. 11: End-to-end evaluation pipeline for the best performing
PoseCNN and DistMLP, combined with YOLO

_________________

C. End-to-End Evaluation with YOLOvS

For end-to-end evaluation with an object detector, we
employ the YOLOVS variants of size nano (n), small (s), and
medium (m) from the open-sourced Ultralytics framework
[8]. These detectors have been trained over the KITTI
dataset with the following settings: (640,200) image size,
200 epochs, batch size of 24, and 0.001 learning rate with
the Adam optimizer. We present the performance evaluation
results of each of these variants in Table 1.

Since YOLOv8n has lowest mAP score, it has the greatest
capacity for error. Thus, we use this variant in our evaluation
of the end-to-end system to examine the performance of
DECADE in the worst case of highest detector inaccuracy.
Figure 11 presents the overall evaluation pipeline for the
end-to-end evaluation setting. We match the predictions of
YOLOv8n with ground truth box annotations in the KITTI
dataset over a strict IoU threshold of 0.6. This allows us
to obtain target values for a comparison with DECADE’s
predictions for evaluation.
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Fig. 12: Class-wise end-to-end evaluation of DECADE on features
extracted from YOLOv8n, using PoseCNN for orientation angle

Firstly, PoseCNN achieves 6.45° MAE when evaluated
end-to-end with detection crops from YOLO inference. Fig-
ures 12 and 13 demonstrate that the end-to-end DECADE
retains its class-wise and range-wise effective edge over the
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Fig. 13: Range-wise end-to-end evaluation of DECADE on features
extracted from YOLOVS8n, using PoseCNN for orientation angle

end-to-end DisNet. Here, DECADE achieves a class-wise
overall MAE of 1.62m and MRE of 7.98%, compared to the
DisNet’s MAE of 1.77m and 11.12% MRE.

However, the end-to-end performance of DECADE suffers
from slightly higher errors than when evaluated on ground-
truth. This is especially apparent in the increase of PoseCNN
MAE and in the errors for the class Tram, where the DisNet
has slightly lower MAE (4.22m vs. 4.55m) and MRE (7.04%
vs. 7.08%). With this, we further justify the need for the
adaptation scheme in Section 2.3 as it allows DECADE to
adapt to detector inaccuracy, yielding more robust distances.

[ YOLO KITTI Object Detection Dataset

Evaluation

Fig. 14: Evaluation pipeline for adapted networks. The datasets
contain YOLO inference on KITTI, matched with annotated boxes
over 0.6 IoU to get actual orientation and distance. PoseCNN adapts
to YOLO, then DistMLP adapts to PoseCNN-Adapt and YOLO.
The Development block consists of finetuning pretrained networks.

D. Adapted Networks

The evaluation pipeline for adapted networks is described
in Figure 14. The best performing networks are trained
further for 100 epochs, using the datasets described in the
figure. The PoseCNN-Adapt achieves 3.80°, an improvement
over the PoseCNN trained over KITTI only. Similarly, the
DistMLP that adapts to YOLO and the PoseCNN-Adapt
improves over the base network.

Figures 15 and 16 demonstrate that the adaptation scheme
yields improvements in almost all aspects. Overall, the
DECADE-Adapt achieves 1.38m MAE and 7.98% MRE,
improving over the base DECADE’s end-to-end performance
of 1.62m MAE and 7.38% MRE. These results prove that
adaptation yields higher performance by learning to address
the errors of the specific detector employed.

E. Evaluating the Accuracy-Efficiency Tradeoff

Having compared the accuracy of DECADE with DisNet,
it is important to discuss the parametric complexities and
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Fig. 16: Range-wise performance comparison of adapted networks

efficiency of both methods. Since many DNN accelerators
are designed for larger networks, it is important to choose
the evaluation platform wisely to not exaggerate or minimize
the differences between the large YOLO and the smaller
PoseCNN and DistMLP networks [16], |17]. Thus, to avoid
the intricacies of finding a suitable evaluation platform that
offers a fair comparison between networks with significant
architectural differences, we use a computer with AMD
Ryzen Threadripper PRO 5975WX 32-Cores (256 GB RAM)
to generate the following results, instead of a GPU. Table 2
highlights the performance characteristics of each DNN em-
ployed in our evaluation pipeline. In DECADE, the DistMLP
has the same parametric complexity as the DisNet. However,
the PoseCNN adds around 100k trainable parameters, 8.3M
FLOPs, and 0.63ms additional inference time.

Table 3 shows the different system configurations, i.e.,
combinations of neural networks to build a system for
object detection and distance estimation. Observe that both
the detection-wise distance estimation systems DisNet and
DECADE (PoseCNN+DistMLP) are far more efficient than
the pixel-wise MonoDepth, since they have less than half the
parameters, FLOPs and inference time. At this point, we rule
out the MonoDepth from further efficiency evaluation.

Furthermore, in DECADE, the effect of adding PoseCNN
on the overall system efficiency is almost negligible. Still, we
justify DECADE’s increase in complexity compared to the
DisNet with an over 30% improvement in MRE in distance
estimation accuracy at the cost of only a 3% addition to
total parameters and 4% to inference time. In the future, we
will implement DNN compression techniques like pruning to
further reduce the PoseCNN’s complexity. Overall, Figure 17
illustrates how our research unlocks a new frontier in the
accuracy-efficiency tradeoff of distance estimation models,
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TABLE II: Parametric complexity, number of FLOPs, and inference
time averaged over a thousand inferences for each neural network
in the object detection and distance estimation pipeline.

Neural Network Parameters | FLOPs | Inference Time (ms)
YOLOV8n 3.2M 8.7B 14.55
MonoDepth 14.8M 11.6B 25.88
PoseCNN 102.3K 8.3M 0.63
DisNet/DistMLP 22.3K 22.6K 0.14

TABLE III: Efficiency evaluation of different systems combining
specialized DNNs for object detection and distance estimation.

System Configuration Parameters | FLOPs %pference

ime (ms)
YOLO+MonoDepth 18.0M 20.3B 40.43
YOLO+DisNet 3.2M 8.7B 14.69
YOLO+PoseCNN+DistMLP 3.3M 8.7B 15.32

offering significantly better accuracy at the parametric com-
plexities of the most cost-effective methods.
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Fig. 17: Accuracy and parametric complexity of DECADE com-
pared to the state-of-the-art presented in Fig. 3

TABLE IV: Latency evaluation of each component on differ-
ent edge devices (smartphones), averaged over a thousand infer-
ences. DECADE only introduces the minor additional latency of
PoseCNN, when compared with DisNet.

Smartphone Model YOLO | PoseCNN DisNet/
(ms) (ms) DistMLP (ms)
Samsung Galaxy A70 | 155.88 1.93 0.78
OnePlus 8 Pro 74.87 1.12 0.47
Samsung Galaxy S21 52.67 1.06 0.44

Finally, Table 4 demonstrates how our evaluation extends
to edge devices to assess the efficacy of the proposed solution
in a mobile ADAS application. With the Samsung Galaxy
S21, the overall system latency translates to around 19
FPS on the edge device. This proves that DECADE can
offer state-of-the-art performance in resource constrained
hardware. Note that since we have not implemented any
DNN compression techniques yet, we expect significant
improvements after hardware-specific optimizations.

IV. CONCLUSION

In conclusion, this paper addresses the critical need for
efficient yet accurate detection-wise distance estimation mod-
els in ADAS. By leveraging lightweight DNNs integrated
with object detection networks, we propose a novel approach

340

to addressing collision avoidance that significantly reduces
computational complexity while maintaining high accuracy.
Through our DECADE model, which extends object de-
tectors with detection-wise distance estimation networks
supplemented by pose estimation, we achieve state-of-the-
art performance in accuracy (7.3% absolute relative and
1.38m mean absolute error) while remaining cost-effective.
Our contributions pave the way for the development of
more accessible and effective ADAS solutions, ultimately
contributing to the improvement of road safety worldwide.
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